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ABSTRACT

The past decade has seen an explosion in the use of machine learning to model, to
understand, and to make recommendations to people. Machine learning systems
recommend videos and music, control advertising, and even generate content for
webpages and educational resources. This has ignited a resurgence of classical
questions in psychology, such as embedding from preference judgments, attacked
and analyzed with modern machine learning tools. The goal is to use machine
learning to improve inference, provide new techniques, and better model people.
Learning directly from human generated data presents several challenges that
researchers must face. First, as human judgments are frequently noisy and sub-
jective, researchers are often limited in the form of queries that they can reliably
ask people such as simple binary ‘yes’ or 'no’ comparisons. Second, collecting
crowdsourced data can be time-intensive, and expensive if expertise is required;
hence, it is important to develop methods to actively choose which data to query
and to collect only the most informative samples when learning from the crowd.
Third, people are heterogeneous in their skills and abilities. In settings such as
crowdsourced labelling, researchers must identify a large pool of capable workers
to answer queries, but it can be difficult to estimate individuals’ ability to perform
a potentially abstract task when choosing amongst a diverse group.

In this thesis, we approach all three of these challenges. First, motivated by
questions in educational psychology, we develop method for low-dimensional
metric learning from triplet comparisons of the form “item i and item j are closer
to each other than item i and item k.” We characterize how difficult metric learning
is through geometric and statistical arguments and provide a simple and efficient
convex optimization to learn metrics optimally. Informed by these theoretical
results for metric learning, we develop a new way of studying people’s perception
of images and also provide an empirical comparison of different active sampling
algorithms for metric learning which attempt to reduce the sample complexity.

We pay special attention to reduce the sample complexity of learning from
people as data collection is a bottleneck in many practical problems. This thesis
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studies active sampling algorithms to learn nearest neighbor graphs and nearest
neighbor data structures. Nearest neighbors is an efficient and flexible way to
model people’s preferences. Algorithms for both methods rely on multi-armed
bandits, a class of active sampling algorithms, to reduce the sample complexity
of learning. Finally, we propose and provide an algorithm for a new multi-armed
bandit objective tailored to settings where one wishes to find many high-performing
alternatives: such as many highly accurate crowd-workers for a crowdsourcing
task.



1 INTRODUCTION

This thesis focuses on core challenges of learning from human generated data.
The goal throughout is to develop algorithms and theory that helps researchers
understand and model people and to develop methods that more efficiently gather
data from people for machine learning tasks.

Learning directly from human generated data presents several challenges that
researchers must face. First, as human judgments are frequently noisy and sub-
jective, researchers are often limited in the form of queries that they can reliably
ask people such as simple binary ‘yes’ or ‘no” comparisons. Second, collecting
crowdsourced data can be time-intensive, and expensive if expertise is required;
hence, it is important to develop methods to actively choose which data to query
and to collect only the most informative samples when learning from the crowd.
Third, people are heterogeneous in their skills and abilities. In settings such as
crowdsourced labelling, researchers must identify a large pool of capable workers
to answer queries, but it can be difficult to estimate individuals” ability to perform
a potentially abstract task when choosing amongst a diverse group. In this thesis,

we have approached each of these challenges focusing on the following areas:

e Low-dimensional metric learning We show that distance metrics can be
efficiently learned from noisy, binary comparison data and give some of the

first learning theory guarantees for metric learning.

o Actively learning nearest neighbor graphs We develop an adaptive sampling
method to learn nearest neighbor graphs which can be used to represent
peoples’ beliefs of similarity. The algorithm is the first to achieve the optimal
complexity in the presence of noise.

e Actively finding every near-optimal alternative We develop a multi-armed
bandit approach to actively detect every alternative that achieves near-optimal

performance, such as every worker that performs highly on a given task. This



filled a gap in the literature and provided new analytical tools for studying
bandits.

1.1 Organization

In Chapter 2, we introduce a problem arising in educational psychology proposed
by collaborators wishing to develop personalized, intelligent tutoring systems. This
project serves as the overarching motivation for much of my work in machine
learning. Specifically, researchers wish to determine which features students pay
attention to when looking at images of molecules found in textbooks in settings
where methods such as eye-tracking are untenable. We propose a technique based
in similarity learning, a relative of metric learning, for this task. Next, in Chapter 3,
we develop new theory for triplet metric learning, establishing learning rates and
recovery guarantees. Then, in Chapter 4, we use the techniques and guarantees
developed in Chapter 3 to develop a novel method for cognitive task analysis
and apply it to the question proposed in Chapter 2. This closes some questions
about metric learning, but raises others about data efficiency. To address the data
efficiency question, in Chapter 5, we develop an active technique to efficiently learn
nearest neighbor graphs from noisy samples and apply it to human preference
data, showing that it is possible to apply active methods to reduce the sample
complexity of learning from people. In Chapter 6, motivated by the task of selecting
crowd-workers to label datasets, we propose and analyze a method to actively find
every near-optimal alternative. Finally, in Chapter 7 we apply the algorithm from
Chapter 6 to develop a method to learn data structures to answer nearest-neighbor
queries from noisy data, generalizing the results of Chapter 5 while achieving the
same optimal rate.



1.2 Similarity Learning Methods for Intelligent

Tutoring Systems

To succeed in Science, Technology, Engineering, and Mathematics (STEM), students
need to learn to use visual representations that depict important domain material,
such as graphs, models, and figures. As an example, in Figure 1.1, we show four
different visual representations of the water molecule. Each highlights different
properties of the molecule. Most prior research has focused on conceptual knowl-
edge about visual representations (ie, what concepts are depicted in the visual)
that is acquired via verbally mediated forms of learning. However, students also
need perceptual fluency: the ability to rapidly and effortlessly translate among
representations. Perceptual fluency is acquired via non-verbal, implicit learning
processes. Non-verbal mediation is common to perception tasks, but presents a
challenge for learning. For skills that are not verbally mediated, people are unable
to accurately say how they form the judgments they do or what it is they are focus-
ing on when they make their judgments. A classic example from the psychology
literature comes from asking people to guess gender based on images of faces.
Humans are extremely accurate at this task. However, when asked what features
of the image led them to their conclusion, their answers are often at odds with
the judgments they provide. A challenge for instructional interventions in class-
rooms that focus on implicit learning is to model students’” knowledge acquisition.
Because implicit learning is non-verbal, we cannot rely on traditional methods,
such as expert interviews or student think-alouds. In this chapter, we propose a
similarity learning (a relative of metric learning) technique to assess how people
perceive similarity between visual representations. We used this approach to model
how undergraduate students perceive similarity between visual representations of
chemical molecules. The approach achieved good accuracy in predicting students’
similarity judgments and expands expert predictions of how students might per-
ceive visual representations of molecules. This chapter is adapted from ( p

), and the work was completed in collaboration with the authors therein.
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(a) A Lewis structure (b) A ball and stick figure
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(d) An electrostatic potential
map

(c) A space-filling model

Figure 1.1: Different visual representations of the water molecule

1.3 Learning Low-Dimensional Metrics from Triplets

Metric learning is a promising tool for learning from human judgments. In this
problem, one is given n items with feature vectors x;,- -+ ,x, € R% and collects
data in the form of triplets “item x; is closer to item x; than it is to item x,.” One
seeks to learn semidefinite matrix K such that the distance metric ||x; — x;[|% =
(xi—x;) " K(x;—x;) agrees with the triplet constraints as well as possible. Triplets are
commonly collected in psychological experiments and used to model test subjects’
beliefs Cox and Cox (2008). A fundamental question is why and how people form
their beliefs. Using metric learning, we developed a method to identify what features

best explain peoples’ judgments. This research is motivated by collaborations
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(a) A triplet query between three Lewis structures

with educational psychologists described in Chapter 2. We gathered images from
chemistry textbooks and collected triplets as shown in Figure 1.2a, asking students
which of the bottom two molecules is most similar to the top. By leveraging metric,
we were able to compute the importance of any molecular feature, such as the
presence of a bond or atom, to students’ similarity judgments and generated the
visualization shown in Figure 1.3a accordingly. The method relies on learning a
metric given by a matrix K that predicts students” judgments and then computing
which features explain these judgements as a function of K. Despite the promise of
metric learning for psychological experiments and its application to modern tasks
such as facial recognition ( ), there was little theoretical analysis in
this area prior to this thesis.

This thesis provides some of the first learning theory results for metric learning
and the first recovery result. All results hold for noisy data as might be collected
from people. We focus on low-dimensional metric learning where K has low-rank
corresponding to the common assumption in psychology that comparisons are well
modeled coming as from a latent low-dimensional subspace ( )-
We additionally analyze the case of K being sparse and low-rank, corresponding to
the assumption that only k of the d features correlate to people’s judgements. In this

chapter, we provide a simple convex optimization to learn a k-dimensional metric
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(a) Triplet embedding

on points in RY that predicts unseen triplets in O(kd log(n)) samples, and we show
that this rate is optimal. Surprisingly, we also show that in the more restricted case
that one wishes to learn a sparse and low-rank K, the same number of samples is
needed, and the additional structure is not helpful. Finally, we provide the first
recovery result for metric learning. If there exists a true K* which generates the data
with noise, we give the first result that shows it can be estimated from data. This
chapter is adapted from ( , ) and is collaborative with its authors.

1.4 Application of Metric Learning to Cognitive

Science and Intelligent Tutoring Systems

Using the new theoretical results about metric learning developed in Chapter 3, we

develop a new technique for cognitive task analysis and apply it to the problem first



introduced in Chapter 2. To benefit from visuals in STEM instruction, students need
representational competencies that enable them to see meaningful information
in the visuals. Most research has focused on explicit conceptual representational
competencies. In addition, implicit perceptual competencies allow students to
efficiently see meaningful information in visuals. Most common methods to assess
students’ representational competencies rely on verbal explanations or assume that
students explicitly attend to the visuals. However, because perceptual competencies
are implicit and not necessarily verbally accessible, these methods are ill-equipped
to assess perceptual competencies. We address these shortcomings with a method
that draws on similarity learning methods, a type of machine learning method that
learns visual features that account for participants’ responses to triplet comparisons
of visuals. In Experiment 1, 614 chemistry students judged the similarity of Lewis
structure representations of chemical molecules. In Experiment 2, 489 chemistry
students judged the similarity of ball-and-stick models. Our results showed that
our method can detect visual features that drive students” perception of visual
representations of chemical molecules. Our inspection of the features suggests that
students” conceptual knowledge about molecules informed perceptual competen-
cies through top-down processes. Further, Experiment 2 tested whether we can
improve the efficiency of the method with active sampling. Results showed that
regular random sampling methods yield higher accuracy than active sampling for
small sample sizes. Together, the experiments provide the first method to assess
students’ perceptual competencies implicitly, without asking them to verbalize their
knowledge or assuming explicit visual attention. These findings have implications
for the design of instructional interventions that help students acquire perceptual
representational competencies. This chapter originally appeared in the Journal of
Cognitive Science ( , ) and is collaborative with its authors.

1.5 Actively Learning Nearest Neighbor graphs

Though it is powerful, metric learning is not ideal for some tasks where one wishes

to learn from human data. When either the number of features, d, or the number



of salient features, k, is large, collecting sufficient data from participants to learn a
full metric can be expensive. Furthermore, metric learning traditionally restricts
practitioners to distances between items in a Euclidean space. In some learning tasks
that use human generated data, such as computing word embeddings for natural
language processing, Euclidean structure has been shown to be overly restrictive
as compared to other metric spaces ( ). To address these two
challenges, we developed the first method to actively learn nearest neighbor graphs
from noisy data.

Actively learning nearest neighbor graphs gives practitioners a fast and flexible
method to learn similarity and preference. Precisely, consider n points x5, - - - , Xy,
in a metric space (M, d) where the distance function d(-, -) is unknown. One wishes
to learn the graph where each x; is connected via an edge to its nearest neighbor
Xi» = argmin;; d(xi,x;). For instance, in the chemistry example, each molecule
image is a point and edges connect pairs that students judge to be similar. Given
noiseless access to the distance measure d, these graphs can be learned efficiently
in as few as O(nlog(n)) distance measurements ( )- While modelling
human judgements as being from a latent distance function is common, people’s
judgments can be noisy ( ), and this makes existing techniques ill-
suited. My thesis provides the first algorithm to achieve the optimal O(nlog(n))
rate for learning nearest neighbor graphs while only assuming noisy estimates of
distance. The method is fully agnostic to the underlying metric space and does
not require Euclidean assumptions. Furthermore, we demonstrate efficiency of
our method empirically and theoretically, needing only O(nlog(n)A~2) queries in
favorable settings, where A~2 accounts for the effect of noise. Using crowd-sourced
data collected for a subset of the UT Zappos50K dataset, we apply our algorithm to
learn which shoes people believe are most similar and show that it beats both an
active baseline and ordinal embedding. This chapter originally appeared in (

, ) and is collaborative with the authors of that work.



1.5.1 Actively Finding Every Near-Optimal Alternative

Crowdsourcing is commonly used to label datasets, but efficiently finding crowd-
workers capable of performing specialized tasks, such as identifying dog breeds or
molecules, can be challenging (2016). To quickly label a dataset, it is
desirable to have as many workers as possible, but these workers must be highly
accurate to minimize label noise (2013). This problem may be modelled
as one of pure-exploration in multi-armed bandits. Each worker has an unknown
average accuracy that may be estimated by having them label individual points
where the truth is known. The pool of workers may be modeled as n distributions,
referred to as ‘arms’, with unknown means. Existing bandit objectives are ill-suited
for settings where practitioners wish to find many arms with high means. The
popular objective of finding the k arms with the largest means is unsuitable as it
does not provide a guarantee for the arms it returns. For instance, when finding
workers, actively searching for and hiring the 100 best workers if only 10 truly good
workers exist in the pool is wasteful. Setting a fixed threshold and finding workers
that exceed that threshold corrects this issue, but this raises the question of how
high a threshold should be set. If it is too high, algorithms will not find any workers.
Instead, to efficiently find skilled crowd-workers in as few samples as possible, we
seek an active algorithm to find every worker that performs almost as well as the
best worker.

We address this by proposing the all-€ identification objective. Given a set of
n distributions with means p, - - -, u, and a value of € > 0, the objective is to
identify the subset of arms {i : yu; > (1 — €) max; p;} with a fixed probability 1 — 9.
Semantically, this allows one to find every worker within a factor of 1 — € of the best.
For instance, € = .05 finds every worker with an average performance within 95% of
the best. This objective is naturally robust to the underlying distribution of means.
It guarantees that every near optimal arm will be detected and that no significantly
suboptimal arm will be returned. In this chapter we present several algorithms
that are tailored to different practical settings. To establish the optimality of these
methods, we develop a new analytical tool to study finite-time lower bounds. Finite
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time guarantees are not captured by traditional bounding techniques but can have
large practical impacts ( ). Finally, in addition to strong
theoretical results, we show that these algorithms perform well in practice. In
particular, we show that one exceeds or matches the performance of several oracle
baselines on a real-world dataset. This chapter will appear at NeurIPS 2020

( ), and is collaborative with its authors.
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2 SIMILARITY LEARNING FOR CHEMISTRY EDUCATION

2.1 Introduction

Visual representations are ubiquitous instructional tools in science, technology,
engineering, and math (STEM) domains ( , ; , ). For example,
instructors use the visual representations shown in Figure 2.1 to help students learn
about chemical bonding. Yet, to a novice student, these visual representations may
not be helpful because the student may not know how to interpret the represen-
tations. For instance, does the red color in the ball-and-stick figure (Figure 2.1-b)
mean the same thing as in the electrostatic potential map (EPM; Figure 2.1-d)? (It
does not.)

Instructors often ask students to use visual representations that they have never
seen before to make sense of concepts that they have not yet learned about (

, ; , ), an issue known as the representation
dilemma ( , ). Hence, to succeed in STEM, students need
representational competencies that enable them to use visual representations to make
sense of and solve domain-relevant problems ( , ; , ). One
crucial representational competency is the ability to interpret visual representa-
tions; that is, to map visual representations to the abstract concepts they depict
( , ; , ). For example, students need to understand how
the representations in Figure 2.1 show information about the molecule. For the
Lewis structure ( Figure 2.1-a), the student may map the unbonded electrons shown
as dots to conceptual knowledge about how polarity in chemical molecules and
infer that the water molecule has a local negative charge by the Oxygen atom.

Educational technologies are particularly suitable to support representational
competencies because they can provide adaptive support while students solve
domain-relevant problems ( , ; , ). Such adaptive
support relies on a cognitive model that infers whether the student has learned
target skills based on her /his interactions with the technology. Research shows that

adapting instruction to students’ representational competencies can enhance those
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(a) A Lewis structure (b) A ball and stick figure

(d) An electrostatic potential

(c) A space-filling model map

Figure 2.1: Visual representations of the water molecule.

competencies (Tuckey et al., 1991) and learning of domain knowledge (Davidowitz
and Chittleborough, 2009).

However, educational technologies for representational competencies have two
critical limitations. First, they typically focus on one set of representational com-
petencies: students’ conceptual understanding of representations (e.g., the ability
to explain how visual features depict concepts). This focus mimics education psy-
chology research’s focus on conceptual learning (Ainsworth, 2006; Seufert, 2003).
Conceptual knowledge is invariably intertwined with a second type of representa-
tional competency: perceptual knowledge (Kellman and Massey, 2013; Massey et al,,
2013); the ability to rapidly and effortlessly recognize conceptual information based
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on visual features of the representations. This ability results from textitimplicit
forms of learning. For example, expert chemists simply “see” that the molecules
depicted in Figure 2.1 have a local negative charge by the Oxygen atom, without
having to make a an effortful conceptual inference.

Second, of the few educational technologies that enhance perceptual fluency,
their adaptive capabilities are limited and their perceptual supports rely solely
on performance measures (e.g., accuracy, response times) to adapt to students’
representational competencies ( , ; , ). They
do not use a cognitive model of the latent skills that students acquire through
perceptual learning. As a result, they cannot provide specific feedback when
students make mistakes. Decades of research showing that cognitive models can
dramatically increase the effectiveness of educational technologies ( , ;

, ) suggest that we must address this limitation and create
adaptive instruction for perceptual knowledge.

These limitations likely result from cognitive modeling’s traditional focus on
explicit, verbally accessible knowledge. To develop cognitive models, researchers

analyze how students think about target skills ( , ; ,
). We typically ask students to verbalize their problem-solving steps ( ,
; , )- Yet, verbalization is not suitable for assessing percep-

tual learning processes, which are implicit and not verbally accessible (

, ; , ). Therefore, instructional designers have to rely
on “educated guesses” as to which visual features students may pay attention to.
These educated guesses are based on the novice-expert literature, which documents
the fact that novices tend to rely on surface features; that is, easily perceivable visual
cues such as color and shape, to judge the similarity between stimuli items. By
contrast, experts rely on visual features that are conceptually relevant and hence
make more refined distinctions between visual features. Thus, to create adaptive
perceptual supports, we need to develop cognitive models for perceptual learning.

Our research takes a first step towards developing a cognitive model for per-
ceptual learning by assessing students” perceptual knowledge of a common visual

representation in chemistry. In particular, we investigate research question 1: Which
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visual features do students focus on when presented with visual representations?
To address this question, we asked hundreds of students to judge the similarity
between visual representations of molecules. We then used similarity learning—a
method that provides a formal approach to investigating how people perceive
similarity among visual stimuli. This method allowed us to estimate latent factors
that account for the perceived similarity relationships between representations.
Because we can map these latent factors to the visual features in the representations,
this approach allows us to investigate which visual features are most salient to
students” perceptions of similarity. Comparing these visual features to “educated
guesses” allowed us to test research question 2: Do the visual features we identified
as salient via metric learning correspond to visual features that students are ex-
pected to attend to based on the expert-novice literature on perceptual learning? In
addition, we investigated a methodological research question 3: How many similarity
judgments we need to assess students’ perceptual knowledge?

Although we address these questions in the context of a particular domain
with a particular visual representation, this chapter makes two important broader
contributions. First, it provides an empirical validation of the “educated guesses”
that developers of perceptual learning technologies typically rely on. Second, it
establishes a methodology to assess perceptual knowledge that can serve as a
basis for a cognitive model of perceptual learning. These contributions build the
foundation for the development of adaptive instruction for perceptual knowledge
and other implicit knowledge.

2.2 Experiment

2.2.1 Visual Representations of Molecules

For our experiment, we selected visual representations of chemical molecules
common in undergraduate instruction. Lewis structure representations are the
most commonly used visual representations in undergraduate chemistry textbooks.
We reviewed textbooks and online instructional materials and listed the frequency
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Feature Feature vee Xjzs50
vector X;—; vector ¢

Molecule representation - H,0 CcO,
/O\ 0=C=0
J Features

Molecule vector ri; single lines 2

Molecule vector r,., dots 4

Molecule vector ri_3 connections 2 2
Molecule vector ri, bondType_single,O,H 2

Molecule vector ri—s bondType single,C,0

Molecule vector ri-s bondType_double,C,0 2
Molecule vector ri; bondAngle O{H,H},90 1

Molecule vector ris bondAngle C{0,0},180 1

| «-Ti=110
Educated number of letters 3
guess features number distinct letters 2 2

Figure 2.2: Example features for H,O and CO, molecule representations with
educated guess features in yellow, feature vectors in red, and molecule vectors in
blue.

of all occurring molecules using their chemical names (e.g., H,O) and common
names (e.g., water). For our experiment, we chose the 50 most common molecules.

First, we created educated guess features (Figure 2.2, yellow) that correspond to
expert assessments of which visual features students may attend to when making
similarity judgments. To obtain these educated guesses, we reviewed the literature
on chemistry expertise (Rappoport and Ashkenazi, 2008; Talanquer, 2009) and
on perceptual learning (Kellman and Massey, 2013; Goldstone et al,, 2010), and
conducted learner-centered interviews with undergraduate and PhD students in
chemistry (Rau and Evenstone, 2014). We identified 6 educated guess features:
number of total letters, number of distinct letters, number of total bonds, number
of single bonds, number of unbonded electrons, and molecule geometry (linear,
planar, tetrahedral).
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To investigate which visual features drive students’ similarity judgments, we
quantitatively described the visual features of the molecule representations. To this
end, we created feature vectors for each of the molecules (see Figure 2.2, red) that
describe which visual features the representation contains (e.g., bond angles, the
numbers of specific atoms, or the numbers of different atoms present). The feature
vectors of our corpus of molecule representations contained a total of 110 features.
The 50 feature vectors collectively form matrix X = [x1,x, - - - ,Xs0] where x; € R1°
is the feature vector for the ith molecule.

We aggregated each element of the feature vectors into molecule vectors for indi-
vidual features (Figure 2.2, blue). Each molecule vector consisted of 50 values de-
scribing how many times the feature occurred in each representation. As molecule
vectors make up the rows of our matrix of 110 features by 50 molecules shown
in Figure 2.2, we will refer to the molecule vector for the jth feature as r;. Thus,
feature vectors provide a numeric description of the visual information present in
each representation, whereas molecule vectors provide a numeric description of

overall patterns of visual features in the dataset for all representations.

2.2.2 Similarity Judgment Tasks

Students completed similarity judgment tasks that were presented as triplet compar-
isons (see Figure 2.3). Given a representation of a molecule (the “target-molecule”),
students were asked to choose which molecule was most similar to the given one.
For each task, the student chose between one of the two choice-molecules that they
perceived to be more similar to the target-molecule. After each task, another triplet
was generated uniformly at random from our corpus of molecule representations.

We delivered the similarity judgment tasks via NEXT; a cloud- based machine
learning platform ( , ). NEXT allows users to upload their own
content and query participants to perform judgment tasks. It uses machine learning
algorithms to automate data collection and analyze results. More information about
the plat- form can be found at http://nextml . org. In NEXT, students first received

a brief description of the study and then worked through a sequence of 50 similarity
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Select which molecule is most similar to the top molecule
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Figure 2.3: Example of a similarity judgment task: given the molecule on the top,
students were asked which of the two molecules at the bottom is most similar.

judgment tasks. Students were instructed that these tasks are not a test and that
there is right or wrong answer, but that we they are simply asked about their

personal perceptions of similarities among molecule representations.

2.2.3 Dataset

Undergraduate students enrolled in an introductory chemistry course at a large
U.S. university were invited to participate in a survey on learning with visual
representations. The course had an enrollment of 781 students. Participation
was voluntary. Altogether, we collected 26, 180 responses from 563 (possibly non-
unique) students. 61.6% of the students completed all 50 similarity judgment tasks.
On average, students completed 46.5 tasks. Each similarity judgment in response to
a triplet comparison task was associated with the feature vectors (x;) and molecule

vectors (1;) of the three molecule representations, as described in section 2.2.1.
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2.3 Analysis

In the following, we describe how we used similarity learning to investigate which
visual features drive students’ similarity judgments. We first provide a brief intro-
duction into the similarity learning method in general. Then, we describe how we

applied this method to our dataset in particular.

2.3.1 Introduction to Similarity Learning

In general, the goal of similarity learning is to learn a similarity function f that
agrees with students’ similarity judgments in the following sense: if item 1iis judged
to be more similar to j than to k, then f(i,j) < f(i, k). The function f can be thought
as quantifying the perceived distance or dissimilarity between pairs. Alternatively,
the function could quantify the perceptual similarity (inverse distance) between
pairs, in which case f(i,j) > f(i, k).

People are better at providing ordinal (i.e., comparative) responses than at
providing fine-grained quantitative judgments or ratings ( ). For
example, when asked to compare the visual representations in Figure 2.3, people
find it easier to judge whether the target molecule is more similar to the left or the
right choice molecule than to judge their similarity on a rating scale. However, it is
challenging to learn embeddings from comparisons due to the sheer number of
possible triplet comparisons that could be made; the number of distinct triplets is
proportional to n®. For example, in our case of n = 50 molecule representations,
there exist nearly 125,000 distinct triplets. Researchers have observed that while
triplet comparisons are easy to answer, they can become tedious and boring after
extended sessions ( , ). Since we hypothesize that perceived
dissimilarities can be accurately represented in d-dimensional space, it is reasonable
to conjecture that if the embedding dimension is low (i.e., d < n), then there will
be a high degree of redundancy among the triplet comparisons. In fact, researchers
have observed that a small subset of these triplet comparisons often suffice to learn
a reasonably accurate embedding, lending support to this conjecture (

7 /4 4 7 7 )'
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2.3.2 Similarity Learning Approaches

We applied two similarity learning approaches in this chapter: similarity learning
by ranking ( , ) and non-metric multi-dimensional scaling. In both

cases, we modeled the perceptual similarity between molecules i and j as
Sij = XIAX)'

Here A is a symmetric matrix that parameterizes the model. The (k, l)th element of
the matrix, Ay, represents the importance of the interaction of feature k and feature
l in the model. Since we assume A is symmetric Ay = Ay and Sy = Sik. Before
introducing these approaches, let us define some notation. There are N triplet
comparisons. For the nth triplet, let i,, denote the target-molecule and let j,, and k,,
denote the two choice-molecules. Let y,, denote the student’s judgment, specifically
yYn = +1 if the student decided j,, was more similar to i,, and y,, = —1 otherwise.
Each of the p = 50 diagrams also has m associated features (e.g., numbers of
different atoms, bonds, etc.). Arrange the features for each molecule representation
into an m x 1 molecular feature vector, and the m x 1 feature vectors intoa m x P
matrix, X. The ith column of X, denoted x;, contains the m features for molecule 1.
The jth row of X, denoted r;j, is a molecule vector for feature j containing the value

of feature j for all 50 representations.

2.3.2.1 Approach 1: Similarity Learning by Ranking

This approach learns matrix A in our model of perceptual similarity directly from

where x; and x; are m x 1 dimensional feature vectors of the m features of molecule
representations i and j. The matrix A is m x m, and the similarity learning problem
is to estimate A that minimizes the number of disagreements between the ranking
predictions for each triple (i.e., either Si; > S;i or vice-versa) and the comparative
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judgments collected from the students, as proposed by ( , )-
The first step in this analysis was to estimate A. Formally, the estimation of
A can be written as the following optimization problem. Let S,,, be the set of all

m X m symmetric matrices. Solve for A that minimizes:

N
A:=arg min ) (yn —x{ Ax;, +x{ Axy )%

The matrix A that minimizes the sum of squared errors weights the similarities
between the diagram features so as to predict perceptual similarity judgments. In
general, the solution A will place some weight on all m features. We anticipate that
the visual features that are not salient do not strongly affect students’ similarity
judgments and therefore have lower weights in A.

Taking this thinking a step further, we could consider many different optimiza-
tions of the type above, where in each case we use different subsets of the features,
in order to determine which are most predictive of student judgments. Indeed,
some features may- be totally irrelevant and worsen, rather than help, the prediction
of students’ similarity judgments. Unfortunately, searching over all possible sub-
sets of features is computationally infeasible, so we instead consider the following

optimization that approximates this search problem called sparse-COMET (

, 2015).

N

A = arg }r\réign (Yn —x{ AXj, +x{ Axy )> +A Z I|A(K,:)||2
™ n=1 k=1

This optimization method uses a cost function that consists of two terms. The
first term represents least squares data-fitting cost in the previous optimization. The
second term is a Group LASSO penalty, which encourages solutions that have many
columns equal to 0. If a column in A is all zero, then the corresponding feature
is not used for prediction. The number of zero-valued columns in the solution
depends on A > 0. Note that we recover the previous optimization when A = 0.
Larger values of A produce sparser solutions that effectively use fewer features.

Features crucial for prediction are excluded only if A is exceedingly large.
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The second step in this analysis was to tune the parameter A and then to assess
the prediction accuracy of our method. To this end, we used 10-fold cross validation.
Specifically, we randomly split the complete dataset into 10 equal sized subsets.
We removed 2 random subsets as hold-out data and kept the remaining data as
training data. We then solved the optimization above with the training data over
a range of different A values. For each A, we scored prediction accuracy on one
set of hold-out data to select the optimal value. Then, using our chosen A value,
we solved the optimization again to obtain a final A using 9/10 of the data, and
assessed the prediction accuracy on remaining 1/10 of the data.

The final step was to rank the features based on the weights in matrix. Due to
the Group LASSO penalty in the loss function, many of the columns in the resulting
matrix are zero. To get the aggregate weight of each relevant feature, we computed

the length (norm) of each non-zero column and ranked accordingly.

2.3.2.2 Approach 2: Ordinal Embedding

In this approach, rather than directly making predictions of similarity based on
feature vectors and triplet responses, we first used students’ similarity judgments to
learn an embedding that spatially represents the similarity of molecule representa-
tions as distances in 2-dimensional space. We then identified molecule vectors that
account for the distribution of molecule representations in the embedding space.

The first step in this analysis was to learn an embedding. We applied non-
metric multidimensional scaling (NMDS) to the 26, 180 triplet comparison responses
collected from the experiment to learn an embedding of the 50 molecule repre-
sentations in a two-dimensional space ( , ). Embedding in two
dimensions allows visualizing the perceived similarity computed by NMDS. The
embedding reflects the consensus among students as to which molecular representa-
tions were more or less similar. We created 50 different embeddings, using multiple
random initializations per embedding in order to account for the non-convexity of
NMDS.

The second step was to validate the embedding. To this end, we computed a



22

distance matrix for each embedding. To validate the distance matrices, we used
the following cross-validation procedure. We selected 6000 triplet comparison
responses uniformly at random to serve as a hold-out dataset. From the remaining
triplets, we randomly selected training sets of different size, ranging from 1000 to
20,000 triplet comparison responses. We computed embeddings for each training
set. We then used these embeddings and the associated distance matrices to predict
students’ similarity judgments. Next, we used the distances in the embedding as a
predictor of judgments in the hold-out set; the prediction errors quantify how well
the embedding reflects the judgments. We repeated this procedure for training
sets of different size. We performed 50-fold cross validation to calculate average
prediction error on the learned embeddings. This procedure allowed assessing
how prediction performance relates to the training set size (i.e., how many triplets
were used to compute an embedding).

The third step in our analysis, after validating our embedding procedure, was
to compute an embedding and corresponding distance matrix from the full set of
triplets. Since the distance between points in the embedding corresponds to their
perceived dissimilarity, we computed a similarity matrix defined as the element-
wise inverse of the distance matrix, scaled from 0 to 1. This becomes matrix S.

The fourth step was to identify which features, represented by the feature vectors,
drive students’ similarity judgments. Because the embedding was performed in
2 dimensions, we can consider the problem of only choosing 2 feature vectors to
combine and compare combinations of pairs of feature vectors to the similarity
matrix. For each possible pair, we performed a least squares optimization to find
the ideal uniform scaling to match an outer product of our feature vectors to the

similarity matrix.

subject to A;¢ = 0 for all s, t not equal to k, 1 or 1, k. In other words, only
let the k, 1 elements of A be non-zero and optimize these. This equates to fitting

S to the molecule vectors for features k and i. Here, S;; represents the value of
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the perceptual similarity between molecules i and j from the embedding. The
magnitude of resulting value of Ay, tells us how important the interaction of
features k and 1 is in representing the similarity. This is basically a correlation
coefficient, and it only gauges the marginal value of this interaction (i.e., in isolation
of all other interactions). In each case, after learning a matrix A we computed the
corresponding residual value between similarity matrix S and our combination of 2
features. After performing all possible combinations of pairs of features, we ranked
pairs of features in ascending order of residual values, with the smallest residuals
being the best approximation of our observed similarity matrix. To evaluate the
feature rankings, we used 10-fold cross-validation by performing identical tests on
10 different similarity matrices computed from different embeddings based on equal
numbers of triplets to ensure that the original embedding and the non-convexity of

NMDS was not a factor in the final ranking of feature pairs.

2.4 Results

2.4.1 Identifying Important Visual Features

To address research question 1, we used the two similarity learning approaches
just described to identify which visual features account for students similarity
judgments.

24.1.1 Approach 1: Similarity Learning by Ranking

Recall that the first approach entailed learning a similarity function that describes
students’ perceived similarity between molecule representations. This approach
yielded an average 69% prediction accuracy of students’ similarity judgments (as-
sessed via 10-fold cross validation). This finding indicates that there was consensus
over which representations were more or less similar, but also that there were some
disagreements among students’ similarity judgments.

To identify which visual features account for students similarity judgments,

we estimated the weights for each feature in the learned matrix A. The stronger a
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| Feature | Avg. Weight |

Distinct letters 4.50%
Single bonds between Oxygen and Hydrogen 3.45%
180-degree angle in Hydrogen-Carbon-Fluorine  3.16%

Double bonds between Oxygen and Nitrogen 3.03%
Number of Nitrogen atoms 2.99%
Double bonds between Carbon and Oxygen 2.78%
120-degree angle in Hydrogen-Carbon-Hydrogen 2.73%
Number of Oxygen atoms 2.64%
180-degree angle in Carbon-Carbon-Oxygen 2.62%
Single bonds between Carbon and Oxygen 2.37%

Table 2.1: Top 10 features from the ranking of features with strong weights obtained
by Approach 1.

feature’s weight in A, the more this feature affected students’ similarity judgments.
Hence, the feature’s weight corresponds to its saliency in students’ perception of
molecule representations.

Table 2.1 shows the 10 most important features, as determined by a ranking
of features according to their aggregate weight computed from matrix A. These
results show that the most highly ranked feature is the number of distinct letters,
which corresponds to an aggregate educated guess feature. Specific visual features
that are relevant to organic molecules were also ranked highly (e.g., the number of
single bonds between Oxygen and Hydrogen atoms, the number of bonds between
Carbon and Oxygen, the number of Nitrogen and Oxygen atoms). These specific
visual features were present in many of the molecules in our dataset. Several visual
features also included geometric aspects, specifically bond angles. These features
indicate the presence of chemical functional groups that are relevant to predicting

molecule’s reactive behaviors.

2.4.1.2 Approach 2: Ordinal Embedding

Recall that approach slearns an embedding that represents the similarity of molecule

representations as distances in a d-dimensional space, from which we then extracted
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Figure 2.4: Prediction accuracy on hold-out set by number of dimensions in em-
bedding.

the most important features. First, we established how many dimensions we need
to consider (i.e., which d to choose in representing similarity of molecule repre-
sentations in a d-dimensional space). Using the process of 50-fold cross validation
described above, we calculated unit through 20 dimensional embeddings of per-
ceptual similarity. We used 20, 000 triplets in this computation to ensure that the
number of triplets did not affect the prediction accuracy as the dimension became
large. Figure 2.4 shows that there is no drop in prediction accuracy when embed-
ding in low dimensions versus high, suggesting that perceptual similarity can be
accurately rep- resented in a low dimensional subspace, and that there is a high
degree of redundancy in the data. This result shows that students’ responses agreed
on the relative similarity about 70% of the time.

Next, we generated a 2-dimensional embedding that describes students’ per-

ceived similarity between the molecule representations. Figure 5 shows this embed-
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Figure 2.5: 2-dimensional similarity embedding. Distances between molecule
representations correspond to students’ perceived dissimilarity between them (i.e.,
molecule representations that are depicted close to one another are perceived to be
similar).

ding, illustrating that molecules naturally form clusters based on their perceptual
similarity. These clusters correspond to specific chemical properties shared among
the molecules, such the presence of a particular type of bond or a functional group.
We color-coded and labeled some of these clusters to illustrate these characteristics
of students’ perceptions. This illustration lends face validity to our embedding
approach.

From this embedding, we extracted an ordered list of the feature pairs that best
capture students’ similarity judgments, shown in Table 2.2. The feature pairs in
this table were ranked based on how well they approximate the similarity matrix
computed from the embedding in Figure 2.5. The same feature may appear twice
in a pair to account for the possibility that a weighted combination of a feature with
itself better reflects the observed similarity structure than does a pair of features.
In sum, these results show that the most highly ranked features are general visual
features, which correspond to the aggregate educated guess features (e.g., number
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| Feature | Avg. Weight
1 Distinct Letters & Distinct Letters

Total letters & Distinct Letters
Different Letters & Single Bonds
Total Bonds & Distinct Letters
Different Letters & Carbons
Hydrogens & Distinct Letters
Total Letters & Total Letters
Total Letters & Single Letters
Total Letters & Unbonded Electrons

0 Distinct Letters & Carbon-Hydrogen Bonds

= O 0NN Ol WIN

Table 2.2: Top 10 feature pairs from the learned embeddings (approach 2). Each row
corresponds to a pair of feature vectors ranked in accordance with how accurately
they described the observed similarity structure from the embedding.

of letters, number of lines). Specific visual features that are relevant to hydrocarbon
molecules were also ranked highly (e.g., the number of Carbon and Hydrogen
atoms). These specific features were present in many of the molecules in our

dataset.

2.4.1.3 Comparing the Similarity Learning Approaches

While both methods agreed upon the top ranked feature, the similarity learning
by ranking approach ranked structural features of the representations that were
relevant to hydrocarbons and organic molecules more highly. As the ranking
from this method follow predictive power, this ranking indicates that students’
judgments of similarity can best be predicted, and therefore explained, through a
combination of the number of different letters and the structural features involving
Carbon, Hydrogen, and Oxygen.

2.4.2 Comparison with “Educated Guesses”

To address research question 2 (do the visual features we identified as salient via

metric learning correspond to visual features that students are expected to attend
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to?), we compared the results from the similarity learning approaches to the edu-
cated guess features that we had determined based on the expert-novice literature
on perceptual learning. Overall, the results from both metric learning approaches
agree with the educated guesses: aggregate features that describe general visual
features were ranked to be most important by both metric learning approaches.
The similarity learning by ranking approach also yielded a number of visual fea-
tures that are specific to the types of molecules in our corpus; in particular, visual

representations that are highly relevant for comparing organic molecules.

2.4.3 Number of Similarity Judgments Needed

We addressed our methodological research question 3 (how many similarity judg-
ments we need to assess students’ perceptual knowledge) with the ordinal embed-
ding approach. Specifically, we tested how many triplet comparisons are required to
compute a representative embedding of the underlying similarity. Figure 6 shows
that gains in prediction accuracy of the embedding were no longer statistically
significant beyond 7000 triplet comparisons.

2.4.4 Differences Between the Two Approaches

The two methods are different and potentially complementary. There is no defini-
tively correct way to fit the common model S;; = x{ Ax; to data. The main differ-
ences in the final rankings they produce stems from how we are learning matrix A
and the restrictions we put on its structure. In approach 1 we are directly working
with triplet responses which are perhaps noisy due to disagreements in students’
individual judgments of perceptual similarity, but we are placing fewer restric-
tions on the learned matrix, allowing for more feature interaction. In approach 2,
NMDS is useful for capturing perceived similarity in aggregate, but we enforce
much stronger restrictions on the structure of A, namely that only two features may

interact at once, giving a clearer picture of the importance of a pair of features.
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Figure 2.6: Prediction accuracy on hold-out set by number of triplet comparison
judgments used in the training set.

2.5 Discussion

We applied similarity learning approaches to assess which visual features stu-
dents focus on when presented with visual representations. We compared two
approaches, one that allows us to assess the predictive power of the identified fea-
tures, and one that allows representing the perceived similarity in a d-dimensional
space. Both approaches yield similar results as to which visual features are salient
to students. Hence, both approaches address research question 1: Which visual
features do students focus on when presented with visual representations? We
found that students’ similarity judgments of Lewis structures appear to be driven
by general visual features such as the number of total and distinct letters, as well as
by visual features specific to the types of molecules in our dataset (e.g., number of

Hydrogen / Carbon atoms).
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Our results also address research question 2: Do the visual features we identified
as salient via similarity learning correspond to visual features that students are
expected to attend to based on the expert-novice literature on perceptual learning?
We found that the identified general visual features align with educated guesses
based on the literatures on expertise and perceptual learning, which validates the
common “educated guess” approach that instructional designers have to rely on in
the absence of assessments of perceptual knowledge. Our results also suggest that,
in addition to these general features, students learn to pay attention to key visual
features that are highly domain-specific; such as features that indicate the presence
of functional groups that are predictive of chemical behaviors. Furthermore, our
results show that a few key features predict students’ perceptions of similarity
between visual representations with accuracy of about 70%.

Finally, we addressed our methodical research question 3: How many similarity
judgments we need to assess students’ perceptual knowledge? Our results show
that about 7,000 responses to triplet comparison tasks are sufficient in assessing
a population’s perceptual knowledge. Using a survey with 50 triplet comparison
tasks (as in our experiment), that means an N of 140 participants will yield valid
assessments of perceptual knowledge.

2.6 Limitations

Although both similarity learning approaches had rigorous theoretical backing,
we made a few assumptions about our triplet comparison data that had inherent
limitations of note. In both of these methods, we are not modeling individual
students, but rather the population as a whole. Consequently, we assume that the
triplets and therefore the judgments of similarity are independent of one another.
This assumption allows us to learn the rankings of features and feature pairs for the
students’ collectively, but it does not provide a ranking for an individual. Further,
because judging similarity representations is a subjective task, students” judgments
may in certain cases conflict with one another. Even with an extremely large number

of similarity judgments, complete consensus is unlikely, and therefore, perfect



31

prediction of student judgments is similarly difficult to achieve. Hence, future
research needs to investigate how to expand the present approach to modeling
individual perceptual knowledge.

Another limitation pertains to the ordinal embedding procedure. For visual-
ization purposes, we embedded the molecules into a 2-dimensional space. Higher
dimensional embedding may more accurately capture perceptual dissimilarities.

Future research should explore this question.

2.7 Future Directions

We will expand our research to other types of visual representations typically used
in chemistry instruction (see Figure 2.1). Further, we will gather data from expert
chemists and compare them to data from novices and advanced learners. Based on
this comparison, we will identify a “perceptual knowledge gap” between students
and experts. Specifically, we will identify visual features that experts attend to but
students do not.

Further, we will expand similarity learning so that it can assess an individual
student’s perceptual knowledge in real time. The current approach is limited in
that it requires a large number of similarity judgments to assess students” percep-
tual knowledge, which is only feasible if we are interested in assessing perceptual
knowledge of a population of interest (e.g., novices, advanced students, experts),
and because we assume independence among similarity judgments. To address
this limitation, we will combine our similarity learning approach with cognitive
modeling methods (e.g., Bayesian knowledge tracing). For example, a similarity
judgment survey may provide a prior for in a cognitive model, and students’ per-
formance on perceptual learning tasks may inform the choice of representations
for a small number similarity judgment tasks interspersed in the learning activity.

This expansion will provide the basis for the design of adaptive instruction
for perceptual knowledge that can provide appropriate sequences of perceptual
learning tasks that draw students’ attention to visual features they yet have to learn.

Further, knowing which visual features students have not yet learned can serve
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as a basis for the design of visual feedback that highlights visual features when
students make mistakes on perceptual learning tasks.

In sum, we will use the similarity learning approach described in this chap-
ter both to design instruction for perceptual learning and to assess perceptual

knowledge as a learning outcome.

2.8 Conclusions

This chapter described a new approach to assess students” perceptual knowledge.
We used this approach to validate the “educated guesses” approach. In addition,
we offer more formal pathways for instructional designers to create perceptual
learning assessments. Because developing adaptive instruction for perceptual
knowledge relies on such assessments, this chapter makes an important contribution
to cognitive modeling research.

This chapter also makes important contributions to machine learning. We
provide a new mathematical approach to quantify the accuracy of perceptual em-
beddings learned from similarity judgments. Specifically, we derived bounds on
the accuracy of embeddings learned from small numbers of comparative judgments
by adapting recently developed large-sample analysis methods ( ,

). This approach provided new algorithms for generating embeddings that are
provably accurate. We investigated new methods for embedding based on spectral
methods inspired by spectral ranking algorithms ( , ). Our exper-
iment yielded an empirical validation with perceptual data from undergraduates,
as well as new machine learning methods to assess how visual features predict or
encode perceptual similarity judgments. Specifically, we explored the application
of group Lasso algorithms for automatically selecting the most perceptually salient
features ( , ). Our experiment empirically evaluated the group
Lasso approach.

In sum, our work provides a crucial stepping stone towards adaptive instruction
for perceptual knowledge. Perceptual knowledge is by definition implicit and does
not lend itself to the kinds of techniques used in traditional cognitive modeling
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approaches (e.g., think-alouds, interviews). We presented and evaluated two simi-
larity learning approaches that can determine which visual features students attend
to when perceiving visual representations.

Acknowledgements We thank Professor John Moore in the Chemistry Depart-
ment for his help in recruiting participants for this study, and the Learning Under-
standing Cognition Intelligence and Data Science group at UW Madison for their

suggestions.
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3 LEARNING LOW-DIMENSIONAL METRICS

3.1 Low-Dimensional Metric Learning

This chapter studies the problem of learning a low-dimensional Euclidean metric
from comparative judgments. Specifically, consider a set of n items with high-
dimensional features x; € RP and suppose we are given a set of (possibly noisy)

distance comparisons of the form
sign(dist(xi,x;) — dist(xi, X)),

for a subset of all possible triplets of the items. Here we have in mind comparative
judgments made by humans and the distance function implicitly defined according
to human perceptions of similarities and differences. For example, the items could
be images and the x; could be visual features automatically extracted by a machine.
Accordingly, our goal is to learn a p x p symmetric positive semi-definite (psd)
matrix K such that the metric dk (x,%;) := (xi —%; )TK(x; — x;), where dk (x,%;)
denotes the squared distance between items i and j with respect to a matrix K,
predicts the given distance comparisons as well as possible. Furthermore, it is often
desired that the metric is low-dimensional relative to the original high-dimensional
feature representation (i.e., rank(K) < d < p). There are several motivations for
this:

e Learning a high-dimensional metric may be infeasible from a limited number
of comparative judgments, and encouraging a low-dimensional solution is a
natural regularization.

e Cognitive scientists are often interested in visualizing human perceptual judg-
ments (e.g., in a two-dimensional representation) and determining which
features most strongly influence human perceptions. For example, educa-
tional psychologists in (2016) collected comparisons between visual

representations of chemical molecules in order to identify a small set of vi-
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(a) A general low rank (b) A sparse and low
psd matrix rank psd matrix

Figure 3.1: Examples of K for p = 20 and d = 7. The sparse case depicts a situation
in which only some of the features are relevant to the metric.

sual features that most significantly influence the judgments of beginning

chemistry students.

e It is sometimes reasonable to hypothesize that a small subset of the high-
dimensional features dominate the underlying metric (i.e., many irrelevant

features).

e Downstream applications of the learned metric (e.g., for classification pur-

poses) may benefit from robust, low-dimensional metrics.

With this in mind, several authors have proposed nuclear norm and {;, group
lasso norm regularization to encourage low-dimensional and sparse metrics as in
Fig. 3.1b (see ( ) for a review). Relative to such prior work, the

contributions of this work are three-fold:

1. We develop novel upper bounds on the generalization error and sample com-
plexity of learning low-dimensional metrics from triplet distance comparisons.
Notably, unlike previous generalization bounds, our bounds allow one to
easily quantify how the feature space dimension p and rank or sparsity d < p
of the underlying metric impacts the sample complexity.

2. We establish minimax lower bounds for learning low-rank and sparse metrics

that match the upper bounds up to polylogarithmic factors, demonstrating
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the optimality of learning algorithms for the first time. Moreover, the upper
and lower bounds demonstrate that learning sparse (and low-rank) metrics is
essentially as difficult as learning a general low-rank metric. This suggests
that nuclear norm regularization may be preferable in practice, since it places

less restrictive assumptions on the problem.

3. We use the generalization error bounds to obtain model identification error
bounds that quantify the accuracy of the learned K matrix. This problem has
received very little, if any, attention in the past and is crucial for interpreting
the learned metrics (e.g., in cognitive science applications). This is a bit
surprising, since the term “metric learning” strongly suggests accurately
determining a metric, not simply learning a predictor that is parameterized
by a metric.

3.1.1 Comparison with Previous Work

There is a fairly large body of work on metric learning which is nicely reviewed
and summarized in the monograph ( ), and we refer the reader to
it for a comprehensive summary of the field. Here we discuss a few recent works
most closely connected to this work. Several authors have developed generalization
error bounds for metric learning, as well as bounds for downstream applications,
such as classification, based on learned metrics. To use the terminology of
( ), most of the focus has been on must-link /cannot-link constraints and
less on relative constraints (i.e., triplet constraints as considered in this chapter).
Generalization bounds based on algorithmic robustness are studied in
( ), but the generality of this framework makes it difficult to quantify
the sample complexity of specific cases, such as low-rank or sparse metric learning.

Rademacher complexities are used to establish generalization error bounds in the

must-link /cannot-link situation in ( ); ( );
( ), but do not consider the case of relative/triplet constraints. The
sparse compositional metric learning framework of ( ) does focus on

relative/triplet constraints and provides generalization error bounds in terms of



37

covering numbers. However, this work does not provide bounds on the covering
numbers, making it difficult to quantify the sample complexity. To sum up, prior
work does not quantify the sample complexity of metric learning based on rela-
tive/triplet constraints in terms of the intrinsic problem dimensions (i.e., dimension
p of the high-dimensional feature space and the dimension d of the underlying
metric), there is no prior work on lower bounds, and no prior work quantifying the
accuracy of learned metrics themselves (i.e., only bounds on prediction errors, not
model identification errors). Finally we mention that Fazel et al. ( )
also consider the recovery of sparse and low rank matrices from linear observations.
Our situation is very different, our matrices are low rank because they are sparse -

not sparse and simultaneously low rank as in their case.

3.2 The Metric Learning Problem

Consider n known points X := [x1,Xa, ..., %Xn] € RP*™. We are interested in learning
a symmetric positive semidefinite matrix K that specifies a metric on RP given
ordinal constraints on distances between the known points. Let 8 denote a set of
triplets, where each t = (i,j, k) € 8 is drawn uniformly at random from the full
set of n(“;l) triplets 7 := {(i,j, k) : 1 <1 #j # k < n,j < k}. For each triplet, we
observe a y; € {1} which is a noisy indication of the triplet constraint dx (x,x;) <
dx (xi, xk). Specifically we assume that each t has an associated probability q of
y¢ = —1, and all y, are statistically independent.

Objective 1: Compute an estimate K from § that predicts triplets as well as
possible.

In many instances, our triplet measurements are noisy observations of triplets

from a true positive semi-definite matrix K*. In particular we assume
qe > 1/2 <= dg-(xi,%5) < dx- (x4, Xx) -

We can also assume an explicit known link function, f : R — [0,1], so that q; =
fldi-(xi, %) — d= (X, %x)).
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Objective 2: Assuming an explicit known link function f estimate K* from 8.

3.2.1 Definitions and Notation

Our triplet observations are nonlinear transformations of a linear function of the

Gram matrix G := X"KX. Indeed for any triple t = (i,j, k), define

M (K) = dk(xi, %) — dx(xi,Xk)

= x{ Kxp + x, Kx; —x{ Kx; — %] Kx; + x Kxg —x Kxy. .

So for every t € §, y; is a noisy measurement of sign(M,(K)). This linear

operator may also be expressed as a matrix
T T T T T T
M = xix + XX — XiX5 — XXy + XX — XXy,

so that M (K) = (M, K) = Tlrace(MtT K). We will use M to denote the operator
and associated matrix interchangeably. Ordering the elements of T lexicographi-
cally, we let M denote the linear map,

M(K) = (M, (K)| fort € T) € R™("2)

Given a PSD matrix K and a sample, t € §, we let £(y: (M, K)) denote the loss
of K with respect to t; e.g., the 0-1 loss 1 [SIgN (Y (M K))£1)7 the hinge-loss max{0, 1 —
Yy (My, K)}, or the logistic loss log(1 + exp(—y+(My, K))). Note that we insist that
our losses be functions of our triplet differences (M, K). Further, note that this
makes our losses invariant to rigid motions of the points x;. Other models proposed
for metric learning use scale-invariant loss functions ( )-

For a given loss {, we then define the empirical risk with respect to our set of

observations § to be

R(K) = o Y (M, K))

tes

This is an unbiased estimator of the true risk R(K) := E[{(y(M, K))] where the
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expectation is taken with respect to a triplet t selected uniformly at random and
the random value of yy.

Finally, we let I, denote the identity matrix in R™*", 1,, the n-dimensional vector
ofallonesand V =1, — %lnljL the centering matrix. In particular if X € RP*™
is a set of points, XV subtracts the mean of the columns of X from each column.
We say that X is centered if XV = 0, or equivalently X1,, = 0. If G is the Gram
matrix of the set of points X, i.e. G = X'X, then we say that G is centered if X
is centered or if equivalently, G1,, = 0. Furthermore we use || - || to denote the
nuclear norm, and || - ||12 to denote the mixed ¢; , norm of a matrix, the sum of the
{, norms of its rows. Unless otherwise specified, we take || - || to be the standard
operator norm when applied to matrices and the standard Euclidean norm when

applied to vectors. Finally we define the K-norm of a vector as ||x|% = x"Kx.

3.2.2 Sample Complexity of Learning Metrics.

In most applications, we are interested in learning a matrix K that is low-rank and
positive-semidefinite. Furthermore as we will show in Theorem 3.1, such matrices
can be learned using fewer samples than general psd matrices. As is common
in machine learning applications, we relax the rank constraint to a nuclear norm

constraint. In particular, let our constraint set be
Ky = {K € RP*P[K positive-semidefinite, ||K|. <A, mag(Mt, K) < v}
te

Up to constants, a bound on (M, K) is a bound on x! Kx;. This bound along
with assuming our loss function is Lipschitz, will lead to a tighter bound on the
deviation of Rg (K) from R(K) crucial in our upper bound theorem.

Let K* := minkex, , R(K) be the true risk minimizer in this class, and let

K := minkey, , ﬁg (K) be the empirical risk minimizer. We achieve the following

prediction error bounds for the empirical risk minimzer.

Theorem 3.1. Fix A,v,8 > 0. In addition assume that max;<i<n ||[Xi||*> = 1. If the loss
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function € is L-Lipschitz, then with probability at least 1 — &

1407\2”X—T>1(T”10gp+210gp L [22?1og 2/
S| 8| 18|

R(K) — R(K*) < 4L \/

Note that past generalization error bounds in the metric learning literature have
failed to quantify the precise dependence on observation noise, dimension, rank,
and our features X. Consider the fact that a p x p matrix with rank d has O(dp)
degrees of freedom. With that in mind, one expects the sample complexity to
be also roughly O(dp). We next show that this intuition is correct if the original
representation X is isotropic (i.e., has no preferred direction).

The Isotropic Case. Suppose thatxy,---,x,, n > p, are drawn independently
from the isotropic Gaussian N(0, %I). Furthermore, suppose that K* = :/p—aUUT
with U € RP*4 js a generic (dense) orthogonal matrix with unit norm columns. The
factor _\% is simply the scaling needed so that the average magnitude of the entries in
K* is a constant, independent of the dimensions p and d. In this case, rank(K") = d
and ||K*||; = trace(U"U) = p. These two facts imply that the tightest bound on the
nuclear norm of K* is | K*||, < pv/d. Thus, we take A = p+/d for the nuclear norm
constraint. Now let z; = \/%UTxi ~ N(0,I4) and note that ||xi|% = [|zi]|* ~ X3-
Therefore, E|x;||% = d and it follows from standard concentration bounds that
with large probability max; ||x;||% < 5dlogn =:y see (2001).
Also, because the x; ~ N(0, %I) it follows that if n > plogp, say, then with large
probability | XX || < 5n/p. We now plug these calculations into Theorem 3.1 to

obtain the following corollary.

Corollary 3.2 (Sample complexity for isotropic points). Fix & > 0, set A = p+/d, and
assume that | XX || = O(n/p) and y := max; ||xi||% = O(dlogn). Then for a generic
K* € K,,y, as constructed above, with probability at least 1 — 5,

2
R(K) —R(K") = O \/ dp“(’gﬁg log n)
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This bound agrees with the intuition that the sample complexity should grow
roughly like dp, the degrees of freedom on K*. Moreover, our minimax lower
bound in Theorem 3.4 below shows that, ignoring logarithmic factors, the general
upper bound in Theorem 3.1 is unimprovable in general.

Beyond low rank metrics, in many applications it is reasonable to assume that
only a few of the features are salient and should be given nonzero weight. Such
a metric may be learned by insisting K to be row sparse in addition to being low
rank. Whereas learning a low rank K assumes that distance is well represented in a
low dimensional subspace, a row sparse (and hence low rank) K defines a metric
using only a subset of the features. Figure 3.1 gives a comparison of a low rank
versus a low rank and sparse matrix K.

Analogous to the convex relaxation of rank by the nuclear norm, it is common
to relax row sparsity by using the mixed {; , norm. In fact, the geometry of the {; »
and nuclear norm balls are tightly related as the following lemma shows.

Lemma 3.3. For a symmetric positive semi-definite matrix K € RP*P, ||K||. < || K]1z-

P

Proof. Ko=)

i=1

P P P
D K> ) Kii=Trace(K) =Y M(K) =]K]. O
j=1 i=1 i=1

This implies that the {; , ball of a given radius is contained inside the nuclear
norm ball of the same radius. In particular, it is reasonable to assume that it is easier
to learn a K that is sparse in addition to being low rank. Surprisingly, however, the
following minimax bound shows that this is not necessarily the case.

To make this more precise, we will consider optimization over the set

X3, = {K € RP*P|K positive-semidefinite, |[K||;» < A, ma‘Ix<Mt, K) <vl
, te

Furthermore, we must specify the way in which our data could be generated from
noisy triplet observations of a fixed K*. To this end, assume the existence of a link
function f : R — [0,1] so that q, = P(yy = —1) = f(M(K")) governs the observa-

tions. There is a natural associated logarithmic loss function ¢ corresponding to
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the log-likelihood, where the loss of an arbitrary K is

1 1
bty (M K)) = Ly =0g gy + =108 Ty 5

Theorem 3.4. Choose a link function f and let {; be the associated logarithmic loss. For p
sufficiently large, then there exists a choice of v, A, X, and |8| such that

N C31n 4 A2 IXX
inf sup E[R(K)] — R(K) >c\/ 1.1 n
K KEUQW 2 |8|

_ C2 infly <y (%) (1—F(x)) . . , .
where C = 3—;\/ Sul;/|v|<y T with C¢ = inf|y < f'(x), Cy is an absolute constant,

and the infimum is taken over all estimators K of K from |8| samples.

Importantly, up to polylogarithmic factors and constants, our minimax lower
bound over the {; , ball matches the upper bound over the nuclear norm ball given
in Theorem 3.1. In particular, in the worst case, learning a sparse and low rank matrix
K is no easier than learning a K that is simply low rank. However in many realistic
cases, a slight performance gain is seen from optimizing over the ¢, , ball when K*
is row sparse, while optimizing over the nuclear norm ball does better when K*
is dense. We show examples of this in the Section 3.3. The proof is given in the
supplementary materials.

Note that if y is in a bounded range, then the constant C has little effect. For
the case that f is the logistic function, C; > e VtMuvK) > le=v Tikewise, the term
under the root will be also be bounded for y in a constant range. The terms in
the constant C arise when translating from risk and a KL-divergence to squared

distance and reflects the noise in the problem.

3.2.3 Sample Complexity Bounds for Identification

Under a general loss function and arbitrary K*, we can not hope to convert our

prediction error bounds into a recovery statement. However in this section we will
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show that as long as K* is low rank, and if we choose the loss function to be the log
loss {s of a given link function f as defined prior to the statement of Theorem 3.4,
recovery is possible.

Firstly, note that under these assumptions we have an explicit formula for the
risk,

1 . 1
)= LMK log gy H T UM KO los 1y

teT

and
R(K) —R(K*) = mZKL (M, KDIIF((M, K))).

teT

The following theorem shows that if the excess risk is small, i.e. R(K) approx-
imates R(K*) well, then M(K) approximates M(K"*) well. The proof, given in the
supplementary materials, uses standard Taylor series arguments to show the KL-
divergence is bounded below by squared-distance.

Lemma 3.5. Let C¢ = inf|y < f'(x). Then for any K € K, -,

2
2|§|f||M — M(K*)|I> < R(K) — R(K*).

The following may give us hope that recovering K* from M(K") is trivial, but the
linear operator M is non-invertible in general, as we discuss next. To see why, we
must consider a more general class of operators defined on Gram matrices. Given

a symmetric matrix G, define the operator L, by
Li(G) =2Gix — 2G4 + Gj; — Gk

If G = X"KX then L{(G) = M(K), and more so M; = XL, X". Analogous to M,
we will combine the L, operators into a single operator £,

L(G) = (L (G) fort € T) e R™("2),
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Lemma 3.6. The null space of L is one dimensional, spanned by V =1, — 11,1,

The proof is contained in the supplementary materials. In particular we see that
M is not invertible in general, adding a serious complication to our argument. How-
ever £ is still invertible on the subset of centered symmetric matrices orthogonal to
V, a fact that we will now exploit. We can decompose G into V and a component
orthogonal to V denoted H,
G=H+ogV

where og = %, and under the assumption that G is centered, og = %
F
Remarkably, the following lemma tells us that a non-linear function of H uniquely

determines G.

Lemma 3.7. If n > d + 1, and G is rank d and centered, then —o¢ is an eigenvalue of
H with multiplicity n — d — 1. In addition, given another Gram matrix G’ of rank d’,
o’ — 0 is an eigenvalue of H — H' with multiplicity at least n —d — d’ — 1.

Proof. Since G is centered, 1,, € ker G, and in particular dim(1;;Nker G) = n—d—1.
If x € 1 Nker G, then

Gx = Hx + ogVx = Hx = —ogx.

For the second statement, notice that dim(1: NkerG—G') >n—d—d' —1. A
similar argument then applies. O

If n > 2d, then the multiplicity of the eigenvalue —oy is at least n/2. So we
can trivially identify it from the spectrum of H. This gives us a non-linear way to
recover G from H.

Now we can return to the task of recovering K* from M(IA(). Indeed the above
lemma implies that G* (and hence K* if X is full rank) can be recovered from H*
by computing an eigenvalue of H*. However H" is recoverable from £(H"), which
is itself well approximated by £ (ﬁ) = M(]A(). The proof of the following theorem

makes this argument precise.
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Theorem 3.8. Assume that K* is rank d, K is rank d,n>d+d +1, Xis rank p and
X"K*X and X" KX are all centered. Let Cq qr = (1 + m_;‘f’i_l)) Then with probability
at least 1 — 5,

NG i (XX )2

i
R < 2-Can \/ 14002 logp  21ogp | | [2Lylog 2
|71 f C? S| S| S|

where G (XX 1) is the smallest eigenvalue of xx'.

The proof, given in the supplementary materials, relies on two key components,
Lemma 3.7 and a type of restricted isometry property for M on V. Our proof tech-
nique is a streamlined and more general approach similar to that used in the special
case of ordinal embedding. In fact, our new bound improves on the recovery bound
given in ( ) for ordinal embedding.

We have several remarks about the bound in the theorem. If X is well condi-
tioned, e.g. isotropic, then Omin(XXT) & %. In that case %’fxw = #, so the left
hand side is the average squared error of the recovery. In most applications the
rank of the empirical risk minimizer Kis approximately equal to the rank of K*, i.e.
d~ d’. NotethatIf d + d’ < %(n — 1) then C4,4/ < 3. Finally, the assumption that
XTK*X are centered can be guaranteed by centering X, which has no impact on the
triplet differences (M, K*), or insisting that K* is centered. As mentioned above

C¢ will be have little effect assuming that our measurements (M, K) are bounded.

3.2.4 Applications to Ordinal Embedding

In the ordinal embedding setting, there are a set of items with unknown locations,
z1,+ ,2zn € R% and a set of triplet observations 8§ where as in the metric learning
case observing y, = —1, for a triplet t = (i,j, k) is indicative of the ||z; — z;||* <
|zi — zi||?, i.e. item i 1is closer to j than k. The goal is to recover the z;’s, up to rigid
motions, by recovering their Gram matrix G* from these comparisons. Ordinal
embedding case reduces to metric learning through the following observation.
Consider the case when n = p and X = I, i.e. the x; are standard basis vectors.
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Letting K* = G*, we see that [|x; — x;|% = ||z — z;||*. So in particular, L, = M for
each triple t, and observations are exactly comparative distance judgements. Our
results then apply, and extend previous work on sample complexity in the ordinal
embedding setting given in ( ). In particular, though Theorem 5 in

( ) provides a consistency guarantee that the empirical risk minimizer
G will converge to G*, they do not provide a convergence rate. We resolve this
issue now.

In their work, it is assumed that ||z;||> < vy and ||G||. < Vdny. In particu-
lar, sample complexity results of the form O(dnylogn) are obtained. However,
these results are trivial in the following sense, if ||z;|* < vy then |G|, < yn, and
their results (as well as our upper bound) implies that true sample complexity
is significantly smaller, namely O(ynlogn) which is independent of the ambient
dimension d. As before, assume an explicit link function f with Lipschitz constant
L, so the samples are noisy observations governed by G*, and take the loss to be
the logarithmic loss associated to f.

We obtain the following improved recovery bound in this case. The proof is

immediate from Theorem 3.8.

Corollary 3.9. Let G* be the Gram matrix of n centered points in d dimensions with
IG*||2 = %. Let G = min| g, <yn,|G|l.<v Rs(G) and assume that G is rank d, with
n > 2d + 1. Then,

IG — G*|]? _0 LCqaq [ynlogn
w2 c2 S|

3.3 Experiments

To validate our complexity and recovery guarantees, we ran the following simu-
lations. We generate x4, - - - , Xy, iid N(o, %I), with n = 200, and K* = :/P—EUUT for
a random orthogonal matrix U € RP*4 with unit norm columns. In Figure 3.2a,
K" has d nonzero rows/columns. In Figure 3.2b, K* is a dense rank-d matrix. We
compare the performance of nuclear norm and ¢; , regularization in each setting

against an unconstrained baseline where we only enforce that K be psd. Given a
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fixed number of samples, each method is compared in terms of the relative excess

. 1 R(K)—R(K* . K—K*|2
risk, %, and the relative squared recovery error, I ||K*|\%HF’

trials. The y-axes of both plots have been trimmed for readability.

averaged over 20

In the case that K* is sparse, {; , regularization outperforms nuclear norm regu-
larization. However, in the case of dense low rank matrices, nuclear norm reular-
ization is superior. Notably, as expected from our upper and lower bounds, the
performances of the two approaches seem to be within constant factors of each
other. Therefore, unless there is strong reason to believe that the underlying K*
is sparse, nuclear norm regularization achieves comparable performance with a
less restrictive modeling assumption. Furthermore, in the two settings, both the
nuclear norm and ¢, ; constrained methods outperform the unconstrained baseline,
especially in the case where K* is low rank and sparse.

To empirically validate our sample complexity results, we compute the number
of samples averaged over 20 runs to achieve a relative excess risk of less than 0.1 in
Figure 3.3. First, we fix p = 100 and increment d from 1 to 10. Then we fix d = 10
and increment p from 10 to 100 to clearly show the linear dependence of the sample
complexity on d and p as demonstrated in Corollary 3.2. To our knowledge, these
are the first results quantifying the sample complexity in terms of the number of
features, p, and the embedding dimension, d.

Acknowledgments This work was partially supported by the NSF grants CCE-
1218189 and 11S-1623605
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APPENDICES

3.A Proof of Results

3.A.1 Proof of Theorem 3.1

Our argument follows standard statistical learning theory techniques used in the
classification literature. This framework is also similar to that used in the one bit
matrix completion literature, see ( ). The main ingredient in
the proof is the use of a Matrix Bernstein to bound the Rademacher complexity of
our class.

By the Bounded Difference inequality,

R(K)—R(K*) = R(K)—R(K)+R(K) — R(K*) + R(K*) — R(K*)
< 2 sup [R(K)—R(K)|

KE:K)\,Y

~ 2p3%log2/8
< 28l sup [R(K)—R(K)] + [ 22822,
KGfK)\,y

where B = supy o, W((Y(My, K)) — £{(ye (M, K))| < Ly since (M, K) <
v. Using standard symmetrization and contraction lemmas, we can introduce
Rademacher random variables ¢; € {—1,1} for all t € T so that

2L
<E-— sup

E
IS ke,

sup [R(K) —R(K)|

KEK}\,Y

> &My, K)

tes

2L
S B sup 1) eeM|K].
| |KEfK7\,y tes

2LA
<E— sup || Z eeMy||
|8| KEK)\,Y tes
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We employ a matrix Bernstein bound, Theorem 6.6.1 in ( ), to compute

XX"
El| Y eMy]| < \/140” ” 8|logp +21og p.

tes

To see this, it suffices to bound || 3, .- M?|| which is done in Lemma 3.10. Plugging
this in above gives

£ 2LA T e < \/140}@@10@9 2log p
ISI = S| 8|
Lemma 3.10.
XX
M2 ||
n 1 Z
teT n

Proof. Let e; be the i'" standard basis vector. For a triplet t = (1,j, k), define
L. =eie| +ecel —eie] —ejel +eje] —erel

(in particular L, is the matrix corresponding to the operator L given in Section
2.3). A computation shows that (L, XTKX) = (M4, K) and moreover M = XL X".
By definition,

> Mi=) XLX'XLX

teT teT

=X (Z LtXTXLt> X'

teT

We now focus our attention on simplifying the middle term. Firstly, note that
we can assume that the X’s are centered, i.e. X1,, = 0. To see this, note that the L;’s
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are centered so in particular, LV = L. Then
LX'XL, = L, V' X"XVL, = L, (XV)"(XV)L;

so we can replace X with XV, i.e. we can center X. Also note that note that centering
X only diminishes the operator norm XX, so centering does not affect the statement
of the bound, and furthermore a tighter statement is certainly possible by assuming
that X is centered.

Using the reduction to a centered X, a computation (omitted due to length)
shows that

(Z L. X"XL,

teT

) ) @n=3)IX X[, + (n? —3n)||xq[|? i=j
g L= 9xex) — =2l ]P = (= 2) P = XX i #]

To bound || 3,y LiX"XL|| < 7n?, by Gershgorin’s Circle Theorem we just
have to bound the sums of the absolute values of the entries in each row. This ends
up being,

2n—3+n—1D|X"X|. + (n*=3n+ (n—1)n—-2)) x>+ (n-2) > |x>

i#j
+m—4) ) [(xi,x;)|
i#)
<@2n—=3+n—14+n-=2)X"X|.+ ("% =3n+ (n—1)(n—2) —2)|x
+m—4) ) Ixilllxl|
j

< (4n—6)[X"X]|. + (2n” — 6n) [x;[|* + n(n — 4) max ||x; >
j
< (4n — 6)nmax [|x;]|* + (2n* — 6n) max [|x;[|* + (n* — 4n) max ||x; |
j j j

< 7n% max [
)
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So || ¥ ieq LeXTXLy|| < 7n? and

1 Xx'
—— 1D XLXTXLX| < 70 XXl
TL( 2 ) teT n
using the fact that #ﬁhz) < 10 for positive n > 3. O

3.A.2 Proof of Theorem 3.4

We will need the following lemma relating the KL-divergence to squared distance
in this section and in the proof of Theorem 3.8.

Lemma 3.11. Let y,z € (0,1), then

(z—y)?/2
inf.e(o,1) x(1 —x)

2(z —y)? < KL(zly) <

Proof. Fory,z € (0,1) let g(z) = zlogﬁ + (1 —2z)log L;; Then g'(z) = log 1% —
log %7 and ¢”(z) = ﬁ By Taylor’s theorem, for some 1 in the interval between

yand z, g(z) = w(z —y)2. So for a lower bound,
2
— 2
glz) > —ZTY2 S o yp
Sup, ¢ (o,1) X(1 —x)
Similarly an upper bound is given by,
(z—y)?/2

z) < -
9(z) infyc(o1) x(1 —x)

]

Now we resume the proof of Theorem 2.3. Fix X = I. Given triplet comparisons

generated according to K, we are interested in finding the minimax lower bound,

inf sup E[R(K)] —R(K)

K Kexj,
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Where as previously computed in Section 3.2.3

t/ 1 -~ - ts 1 ~
R(K) lfflt;f (MoK o (<Mt,1<>)+(1 M8 M, )

Lemma 3.5 implies,

2C2

R(K) = R(K) > T IM(K) = M(K)[3

where C; = infjy <, f'(x). We will construct a set k C Xj |, so that for any two
K', K? € k, with K; £K,,
2|§(|ij£ (KY) — M(K2)||2 > 452, for K! #£ K2

e Let P§ denote the sample distribution of a set of |$| samples conditioned on it

being drawn from K € k. Then we also require KL(Pi1 IIPiz) < % In ||

Following an argument similar to the proof of Theorem 2 in

( ), it will then follow from a variant of Fano’s inequality, namely
Lemma A.1 from ( ), that
inf sup E[R(K)]—R(K) > s2.
K Kexj,
By Lemma 8.3 of ( ), there exists a subset k C X} |, and

an absolute constant 0 < C; < 1 such that
e Injk| > CidIn &

e Each element of « has sparsity d, is 0 away from the diagonal, and on the
diagonal the elements are either 0 or vy, for a value of ¥ > 0 we will choose
later.

e Forall K\, K €k, |[K' = K|y > Cyd.
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Therefore, for K!, K? € k, we need only to show KL(KY|K?) < % In |k|. Using the
factthat X =1,

ZC% 202 5 2C3 1 2 1 2 132
TP = (KD > p Y ((Ki — Ky) — (Kj; — K)))
j<k
2C2Cpd(p — 2d)y?
- |71

To see the second to last inequality, note that there are at least C;d(p — 2d) pairs of
indices j, k where K}, # K}, but K1 K)ZJ, because K' and K? share at least p —2d
entries on their diagonal that are both 0. Each such entry contributes a y? to the
sum.

In particular choose,

2 = CiCipd(p —2d)y?
" 2(7]

We proceed by selecting y such that KL(P3,[[P3,) < & In|k|. Assume our sam-
ples are 8 = {(t,y¢)}. Then since the samples are i.i.d.

PEIPE.) = 3 KL(Py (1)[[Pya(t))

tes

where Py (t) is the distribution of y, conditioned on K', in particular the probability
of y = —1is f((My, KY)).

We can bound each term of the sum above using the upper bound from Lemma
3.11.

(F((M, K1) — (M, K*)))?
2inf f((My, K?)) (1 — f((My, K?)))
(Mg, K' =K*))sup,,, ., T'(v)?

2infy <y F(x)(1 —f(x))

KL(Py (1)[[Pya(t)) <
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< Y2 supy e, (V)2
= Zinfmgy f(X)(l - f(X))

Summing over t € §, we require that

Y?8lsupy,, <, f'(v)? _G 1
= dln— < —Inlk|,
2inf)y <y f(x)(1 —f(x)) 16 16

KL(PRilIPR.) <

so in particular, we will take

Vsup,o, OV ¢
2infl ey F0)(1—f(x))  16/8]

p
dln =~
d
From this point on, let’s take A = p, and d = §. Now we have a few additional
constraints on v,
e Since ||K'[|;2 < A for each K' € k, we require yd < A, so in particular y < 4.

e In addition, we are going to require y > 1 since we will need py > A (used

below).
Based on these conditions, we just take y = 2 and after simplification choose,

CipIn4inf) <y f(x)(1 —f(x))

S| :=
S 32yzsuph,|<y f'(v)?

Now we are finally in a position to use our choice of v, d, A and [§]. We see that

2 C2Cipd(p —2d)y? _ C2Cip*yA
" 2|7] 16|7]
_ GOy

N CHy/infly<y fF(X)(1—f(x)) [ClIn4 p
8p\/sup|v‘<2 £1(v)2 32 |§|

(since py = A)
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G [influey (1~ () [Chingpe X
32 sup,, <, f'(v)? 2 1S

where the final equality follows from the fact that we have chosen X =1I,, son = p.
U

3.A.3 Proof of Lemma 3.5

Proof of Lemma 3.5. As computed prior to the statement of Theorem 3.8.

teT
Now using Lemma 3.11 with z = f((M¢, K*)) and y = f((My, IA<>) we see
KL{f((M, K)IIF (M, K))) > 2CH(M, K7) — (M, K))?

Summing over all t € T

R)— Rk > 2CF .
RK) = R(K) > 220 3 (M K) = (My K))?

teT

202 I
= ’Tlf (<Mt/K_K >)2
teT

2C2 .
S IOR) = MK

3.A.4 Proof of Theorem 3.8

Before launching into the proof of Theorem 3.8, we first prove an auxiliary set
of results that depend on the classical correspondence between centered Gram
matrices and Euclidean distance matrices. For a more in depth discussion of this
correspondence, we refer interested readers to ( ). Let Sj; be the

subspace of symmetric hollow matrices, i.e. symmetric matrices with zero diagonal,
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and let ST be the subspace of centered Gram matrices, i.e. positive semi-definite
matrices with 1,, in their kernel.
Note that dim S} = dim ST = (7). In fact these spaces are isomorphic with an

explicit linear isomorphism given by the maps

1
Sh =Sz :D — —EVDV

with inverse
St — Sy : G — diag(G)1)] —2G + 1, diag(G)"

where again, V =1, — 11,1].

Given a set of centered points X € RP, then under the isomorphism above, the
associated Gram matrix G € ST maps to the squared distance matrix D € S!. In
particular, a matrix in S}! is a valid Euclidean distance matrix if and only if -1 VDV
is a centered Gram matrix.

Given a triplet t = (i,j, k) € 7, we can define an operator A¢(D) := Di; — Dy
and

A(D) := (A¢(D)|for t € T7)

analogous to £ and M. In particular, for associated D and G, A¢(D) = £(G) for
all tso A(D) = £(G). We can now prove the key lemmas used in the proof of 3.8.

Lemma 3.12. The null space of £ is one dimensional, spanned by V.

Proof. Lemma 2 in ( ) shows ker A is one dimensional and is spanned
by J = 1,1} —I,.. A computation shows that —1VJV = 1V. Since £(V) = A(]) =0,
V spans ker £. O

We rely on an analogous statement for distance matrices given in Lemma 3 in

( )-

Lemma 3.13. Let G € ST and H the component of G orthogonal V then ||L(H)|]> >
n|[H|.
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Proof. Again, let D be the symmetric hollow matrix corresponding to G. We can
take a decomposition of D into a component perpendicular to ker A

D = C + op].

Applying —1V - V to both sides we get,

1 Oop
G=—-VCV+—V.
2 * 2
We claim that H = —%VCV and og = op/2. It suffices to prove that VCV is
perpendicular to V. To see this note that (VCV, V) = (C, V) =0, since C is hollow
and perpendicular to J.
We now apply Lemma 3 in ( ) which shows that the minimal

eigenvalue of Aisn.

I£(H)|* = [A(C)]?

>n||C|| (since C is perpendicular to the kernel of A)
2

1
>n H_EVCV (Since V is a projection.)
F
>n|H]f?

]

Proof of Theorem 3.8. We begin by applying Lemma 3.7 in the specific case where
G* = X"K*X and G = X"KX with H* and H defined analogously to above. Firstly,
by definition

G—G " =H-H"+ (05 — 0 )V

By orthogonality

IG — G™[[} = [H—H[[} + (05 — oa- VI VII}
= |H-H|2+ (n— 1)(og — 0g+)? (Since [|[V||2 =n—1)
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~ n—1 ~
< H-— H* 2 H-— H* 2
L e L
(By Lemma 3.7 0g — 0g* is a repeated eigenvalue with multiplicityn —d —d’ —1)

= Caar|[H—H|}.
Now,

IM(K) — MK} = [|£(XTKX) — £(XTKX)|]?

> nHﬁ — H||2 (Using Lemma 3.13)
> Hé — G*||2 (From the above.)
— O IXTRX — XTKX )2
Ca,ar
Nomin(XX')? &,
> MR R w2
d,d’

To see the last line, recall vec(X'KX) = (X" ® X")vec(K). Now, the minimal
eigenvalue of X" o X" is Gmm(XXT) which is nonzero since X is rank p.
So we see from Lemma 3.5, that

nGmin(XXT)Z 012 Cd da’ >
— " |K=K|f < —/—(R(K) — R(K*
g KKl < S RR) - RK)
The result now follows from Theorem 3.1. O

3.B Kernelized Metric Learning

Traditional Mahalanobis distance metric learning is equivalent to learning a linear
mapping of the data such that Euclidean distance in the mapped space agrees with
a set of labels, such as class labels or triplet comparisons. Often, we are interested in
aricher set of mappings than linear ones. Indeed, this is the idea that underlies deep
learning and kernel learning. In this section, we show how to extend Mahalanobis

distance metric learning to the kernelized setting and then present a quick result
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about kernelized triplet metric learning following extending the results of this
chapter.

3.B.1 Warmup: Kernelized PCA

Here, we explain how to perform PCA in a reproducing kernel Hilbert space (RKHS).
In doing so, we will arrive at a general representer theorem from

( ) which gives theoretical justification to extending Mahalanobis distance
metric learning to the kernelized regime.

Setup: Consider n points in R4, x4, - ,Xy, and assume we have a mapping ¢
from R? to a D dimensional reproducing kernel Hilbert space (RKHS) H for D €
N U {oo}. Further, assume that (¢(xi), ¢(x;))5 = k(xi,%;) forak(:,-) : H x H — R.
Lastly, will assume that the ¢(x;) are linearly independent.

Computing principal components in J{: Consider the subspace of JH{ spanned
by {p(x1),- -, d(xn)}. Let Py, - - -y, be the n principal components in this space.
The term “kernelized PCA” is a slight misnomer as one does not compute the
principal components 1y, - - -1, themselves, but rather the projection of data onto
them. This is important as the principal components live in the D dimensional
space H and D may be intractably large or infinite. Nevertheless, one can use a
kernel trick to efficiently compute these projections as follows:

1. Form the Grammian: K € R™*™ such that Ki; = k(d(x4), d(x;)).

2. Center the Grammian: K = K — %lnan — %KlnXn + %lnanlnxn where

1, xn is the n by n matrix of all ones.
3. Compute all n eigenvectors of K, &, -, &, and form matrix A = [o, - - -, &)

4. For any x € R? and any principal component \; with eigenvector «;, we have
that ($(x), bj)c = X i1 o ik(x, xi).
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5. Therefore, for any x € RY we may represent ¢(x) in terms of its projection

onto Py, -+, b, as

p(x)=AT| (3.1)

k(x,%xn)

It is important that we center the Grammian before computing eigenvectors as
X1, ,Xn being centered does not in general imply that ¢(x1),-- -, d(x,) are. Itis
also worth noting that the eigenvalues of the Grammian do not provide the same
intuition in the kernelized case as they do in linear PCA. In the linear case, this
implies that one direction captures more variation than another. In the kernelized
case, for an unlucky choice of kernel, the variation in all directions may be the same,
and finding a good kernel such that this does not occur may be challenging.

3.B.1.1 Representer theorems for Kernelized PCA

In this subsection, we quote two results from ( ) about
optimization with respect to ¢(x1), -+, d(xn) € H versus @(x1), -+, @(xn) € R™.

Theorem 3.14 (Full-Rank Representer Theorem, ( ). Let
{Ibi}?zl be any set of points in H such that Span({ﬁ)i}?:l) = Span({$p(xi)}1,) and let
JH’ be a Hilbert space such that 3 and F{' are separable. For any objective function f, the
optimization

min f({{Ld(x1), Ld (%)) 3¢ jem)

such that L : H — 3’ is a bounded linear map, has the same optimal value as

. ~ =T>
min f{@(x)"L L(xj)}ijem)
[ eRrnxn

where (b(X) - [<¢(X)/q)1>/ Tty <¢(X')/ an)]T e R™.

Theorem 3.15 (Low-Rank Representer Theorem, ( ). Let
{ﬁ)i}{‘:l be any set of points in H such that Span({ﬁ)i}{‘:l) = Span({d(xi)}1-,), and let
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P(x) = [(d(x), V1), -+, (d(x), )T € R™. For any objective function f, the optimiza-
tion
rnLin f{(Ld(xi), Lb(x5)) ¢ }ijem))

such that L : H — R is a bounded linear map, has the same optimal value as

. s FTo
min f({@(xi)'L Le(x)}hijem)-
LeRkxn
Remark 3.16. These theorems suggest that it is not actually important that the basis for
d(x1),- -+, d(xn) is the principal component directions as the statement holds for arbitrary
bases. Instead, the use of the principal components is beneficial as inner products with this

basis can be easily computed.

3.B.2 Using Kernelized PCA to Compute Kernelized

Mahalanobis Distances

The above should give us hope that one can learn a kernelized-Mahalanobis dis-
tance as this family of distance functions can be written as a linear combination
of weighted inner products as in Theorems 3.14 and 3.15. Mahalanobis distances
in general may be written in terms of the square-root matrix of the semidefinite
weighting matrix. Below we expand out squared Mahalanobis distance in I in

terms of a bounded linear map L from K to RP.

di((xi1), d(x;))* = L (xi) — Lo (x;)|*
= (Lo (xi) — Lo(x;), Ld(xi) — Ld(x;))
(L (xi), Ld(x1)) — 2(Ld(x:), Ld(x;)) + (Ld(x;), Ld(x;)).

Expand L := UA"®" for a linear map U from R™ to RP. Let A be as defined in
kernelized PCA and @ = [p(x1), -, $(xn )], the matrix whose columns are ¢ (x;).
As the ¢(x;)’s are linearly independent by assumption, ® is full rank. Additionally,
by definition of the kernel function k(-,-), @ "d(x) = [k(x,%1), -+, k(x,x)]T. A'is
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full rank by definition. Plugging this in,

(Lo (xi),Ld(xi)) —2(Ld(xi), Lb(x;)) + (Ld(x;), Ld(x;))
= (UATD " (x:), UATOTd(x;)) —2(UATD d(x;), UATD T d(x;))
+ (UATO " (x;), UATOT b (x;))
= (Up(xi), Up(xi)) —2(Up(xi), Up(x;)) + (U (x;), Up(x;))
= [[Ue(x;) — U (x;)|?
= lo(xi) — @(x;)|[3n

for ¢(x) defined by kernelized PCA on ¢(x1),- -+, $(xn), and semidefnite M :=
U'U € R™ ™. Therefore, we may use kernelized PCA to efficiently compute
distances in R™ as opposed to in the ¢ space. Furthermore, theorems 3.14 and
3.15 guarantee we may do this with no loss in performance for any downstream

application.

3.B.3 Learning low-dimensional kernelized metrics using
Kernelized PCA

To demonstrate the power of this framework, we use the above result to extend
Theorem 3.1 which establishes prediction error bounds for (linear) triplet metric
learning. In this setting, we assume as above that we have n points x;,--- ,x, €

R4, Additionally, we collect a set § of triplets. Each triple t = (i, j, k) is sampled
n—1
2

a label y; = £1 which is a (possibly noisy) indication of the distance comparison

uniformly (with replacement) from the set of n(™, ") unique triples and we observe

de(d(xi), (%)) < di(d(xi), d(xx))

for some unknown L. Lety; = —1 correspond to d;; < dix and y¢ = 1 to the reverse.
We wish to predict these 8| triplets as well as possible. Assume for any L’ we have
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an L-Lipschitz loss

Uyelde ((x1), d(x5))* — dp(d(xi), dxi))?)

which is a function of y; times the difference of squared distances. For instance,
£(x) = log(1 + exp(—x)) corresponds to the logistic loss. We seek a distance metric
which minimizes our average loss over the data we have collected, 8:

ReL)= g Y yuldulxo), dx)) - du(dlx), ol ),

t=(1j,k)yt€8

the empirical risk of a Mahalanobis metric on H defined by linear map L’. The

empirical risk is an unbiased estimator of the True Risk:

Rs(L") = Eqy, [L(yeldp (d(x1), d(x;))> — dpr (db(x1), d(xx)))] ,

the expected loss over the randomness in the selection of triplet t and any random-
ness in the label y;.

Define L as the bounded linear map that minimizes ﬁg (L) (the empirical risk
minimizer) and L* as the bounded linear operator that minimizes Rg(L) (the true
risk minimizer). As L is a linear operator on H which is D dimensional, it is
intractable to compute in practice. However, the above framework for computing

Mahalanobis distances via kernelized PCA guarantees that

dp (b (x1), d(x;))* — dr (D (xi), d(xi))]) = [lo(x1) — @ (x5)[[]g — [0 (x:) — @ (xi) 7

for an appropriately chosen M. Therefore, define

RsM) == 5 tlyllloba) — 0051 — llotx) — @bl

t=(1,j,k),yt€S
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The representer theorems guarantee that
min ﬁg (L) = minﬁg (M)
L M

where the latter optimization is over n x n semidefinite matrices M.. Let M denote

a minimizer to the latter optimization. A similar statement can be made about the

true risk as well. Let R(M) denote the true risk with respect to a matrix M and let

M* denote the minimizer of R(M).

Since we have now reduced the problem to linear metric learning over @(xi), - - - , @(xn ),

the results of ( ) apply. To apply the guarantees therein, we place

two additional restrictions beyond semidefiniteness on the M that minimizes

ﬁg (M). Firstly, we assume that

o) — @) I5r — llo(x0) — @(xi) 57| < v

This is necesssary as a technical assumption for the proof. Secondly, we assume that
|M]|. < A. This bound on the nuclear norm of M is a convex relaxation enforcing
that M be low rank. This is equivalent to the assumption that the metric is captured
by a low-dimensional combination of the ¢(x1),- - -, d(x;,) in the high dimensional
space. Namely, we lie on a low-dimensional subspace of the high-dimensional ¢
space.

Corollary 3.17 (Cor. to Theorem 3.1). Fix 8,y, A > 0. Assume that maXicm || @(x1)]| <
1. Then with probability at least 1 — &

T SN B 1402 &max ] 2
R(D)—R(L") = R(M)-R(M") < 4L < \/ s Og(“)+2l<>|§|(n) LY 1<|>§|(2/6)

where Omay is the largest singular value of the matrix [@(x1),- -, @(xn)].

Remark 3.18. The constraint that maXicm ||@(x1)|| < 1 is a mild one and can easily be
relaxed by scaling the right hand side of the inequality.
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Remark 3.19. Instead of a constraint that maXiem) ||@(xi)|| < 1, one could instead
assume that maxicn) |[xi|| < 1 and scale the RHS by ||$||3¢, the operator norm of & in K.

3.C Geometric Bounds for Large Margin Metric
Learning from Labelled Data

3.C.1 Introduction

The previous results in this chapter all deal with learning metrics from triplet
comparisons of the form “item i is closer to item j than it is to item k.” A related
setting to this is learning metrics from labelled data. This is common in many real-
world problems that use metric learning to learn feature representations for tasks
such as facial recognition ( ). Indeed, many empirical works in
metric learning such as ( ) which proposed the Large
Margin Nearest Neighbors algorithm assume access to labelled data. In general,
we assume that we have a set of high dimensional feature vectors xy, - - - , x,, € R4
with labels y;, - - - ,yn. Here, the goal is to learn a metric given by a semidefinite
matrix M such that if y; = y; # yx for points x;, x;, and xy, then ||x; — x;||m <
Ixi — xx||lm. This is spiritually similar to the setting of triplet metric learning
considered previously in this chapter except now triplet labels are determined by
the class labels themselves.

As the authors of ( ) note, this is not always possible
for any three randomly chosen x;, x;, and x; and can lead to unstable learning.
Instead, a better posed question is to learn a metric given by matrix M such that for
any x; with label y;, and a margin parameter y > 0, if ||x; —X;||m < v, theny; = y;
for all x; within y of x; according to the metric. We are especially interested in the
case that this metric is low-dimensional. This corresponds to the case that there
exists a low dimensional subspace such that any two points within y of each other
must share a label.

We consider a binary classification problem with two class-conditional distribu-
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tions in RY. Assume we have a set of labeled points drawn from these distributions
and that the distributions are separable (i.e., have disjoint supports). Furthermore,
assume that the distributions are separable in an optimal low-dimensional subspace,
but non-separable in the complementary orthogonal subspace. The minimum dis-
tance between the distributions is called the margin. We analyze the question of how
many samples are necessary to learn a low-dimensional projection that preserves
the margin, ideally by estimating the projection onto the optimal low-dimensional

subspace.

3.C.2 Approaches for Dimensionality Reduction from Labelled
Data

Linear Discriminant Analysis (LDA) is a common approach for dimensionality
reduction from labelled data. Unfortunately, it makes somewhat strict modeling
assumptions and is restricted to identifying subspaces that are ‘number of classes’
minus 1 dimensional ( ). In the case of binary
classification for instance, this restricts to 1-dimensional subspaces. Additionally,
LDA can be ill-suited for data that is not linearly separable. As Principle Compo-
nent Analysis (PCA) is not applicable to labelled data, ( ) propose
Supervised-PCA (SPCA). SPCA finds a matrix U that maximizes the dependence
between y and U"x according to the Hilbert-Schmidt independence criterion. Find-
ing U is done by a process very similar to PCA, and in the case that labels y are
related to features x via a latent linear model, SPCA can recover the underlying
linear model. Another method in this setting is Sufficient Dimensionality Reduction
(SDR) which seeks to find a U that maximizes the mutual information between
yand U'x ( ). Finally, Sliced Inverse Regression is a
classical approach for dimensionality reduction, but requires strong assumptions
on the distribution of the x’s (independent of the y values) Li ( ). None of these
methods consider the effect of margin, however. ( ) study this
same problem setting and propose the SqeezeFit algorithm which does account
for the effect of margin. The algorithm achieves great empirical performance. Un-
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fortunately, the theoretical results require an additional assumption that is unlikely
to be satisfied by any real distribution: the practitioner is able to query multiple x’s
that have identical components projected onto the U subspace. Unfortunately, this
is a probability 0 event if either Px,—o or Pxy—; are continuous as they are in most
real problems. Even for discrete probability distributions over a fixed set of x’s, the
probability that this condition holds is exponentially small.

In the case of binary classification that we focus on, this problem is strongly
related to learning linear k-juntas as analyzed in ( ). In this setting,
one wishes to learn a boolean function on {0, 1}¢ that maps to {0, 1}. If the function
depends on a subset of k < d variables, O (({)) samples are needed. This is
equivalent to the problem in Section 3.C.3 specialized to the case that xq,--- ,x, C
{0,1}% and U being a k-dimensional axis-aligned subspace of R%. In particular, this
suggests that O(d*) samples are necessary for this problem, exponentially more
than is needed for traditional triplet metric learning as shown in Theorem 3.4!

3.C.3 Problem Setup

Assume we are given a dataset of n labeled pairs {x;, yi}l* ; : x; € R = X y; €
{0,1} = Y drawn from a joint distribution Py y on X x Y V 1. Let Pxy—o and Pyjy—1
denote the class conditional densities of the feature vectors X given the labels. We
assume that there exists a known margin of at least y > 0 between the supports of

]P)I)Cly:O and Px‘yzl.

Definition 3.20 (Margin). The margin between two densities IP1(x) and IP,(x) on vectors
X is
inf|x —x'|, s.t. x € Support(Py) and x' € Support(P,).

Further, we assume that there exists a k-dimensional subspace U of R¢ with
associated projection operator Py such that:

1. Labels y are fully described by a projection of the features onto U : Py, x, =
P

YilPuxi
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2. Labels y are independent of the projection of features x onto U™, the orthogo-
nal complement of U.

3. The class conditional densities marginalized onto U, Pp, xy—o and Pp, xjy-1,

have margin v > 0 between their supports.
4. Any subspace U’ C U of dimension strictly less than k achieves margin 0.

This corresponds to the hypothesis that the labels y are fully explained by the
projection of feature vectors x onto a low-dimensional subspace and all other
d — k dimensions are noise independent of the label. The last assumption is to
prevent pathological cases where a lower dimensional subspace than U satisfies
the same conditions. The final assumption is a simple boundedness condition. We
are interested in learning U as a means of pre-training for downstream machine
learning tasks, such as non-parametric estimation or nearest neighbors classification
which can suffer greatly from the curse of dimensionality.

Throughout we will make use of the concept of a difference vector between two
oppositely labelled points. Given two samples, (x1,y1) and (x,, Yy ) such thaty; # yo,
Z := X1 — X, is a difference vector. Let

Z({Xizyi}{;ﬂ = 1{x; — X5 Yj #* Uj})

be the set of difference vectors. We can rewrite the margin condition on subspace U
as [|Puz|| = [|z[[p,py > v for any difference vector z between a point in the supports

of each class conditional density. We consider the same black box problem as in

(2018).

Minimize Rank(Py) s.t. |[z[lp,py > vV 2z € Z({xi, yiliLy), Pv = Py, Py = P3,.
(3.2)

The final two conditions that Py = PJ, and Py = P enforce that Py is a projector
and we say that Py projects from R¢ to a 2-dimensional subspace V. Note that this

optimization is always feasible as Py satisfies all constraints and is optimal if one



70

had access to the class conditional densities. Throughout, we will make frequent
use of the fact that for any x € RY, |Ux]|| = ||x||{;,7- Hence, distance wish respect
to a Mahalanobis distance and magnitude of a projected vector are equivalent
concepts. We restrict to Mahalanobis metrics defined by projectors to avoid trivial
solutions. In particular, given any set of data, dilating all distances sufficiently
ensures that every pairwise distance is at least y without need to estimate U. The
above problem is non-convex and developing efficient methods to optimize it is a
separate avenue. Instead, we focus on the fundamental question of when can we
guarantee that its solution is well-behaved, independent of being able to solve it.

Precisely, we consider the following question:

Problem Statement: Given a dataset {x;, y;}]* ; with difference vectors Z = {x; —
ii.d.

Xj 1 Yj; # Yj}) ~ Pxxy. Let Py be a solution to Problem (3.2). How many

samples a sufficient to ensure that the metric || - || pyp} achieves nonzero margin?

3.C.4 Geometric Results for k = 2 relevant dimensions

Sample complexity and error bounds for large margin metric learning is in general
an open problem. In this section, we present results in the special case that U is
a 2-dimensional subspace (k=2) of an arbitrary d-dimensional feature space. We
begin by stating a geometric condition on the difference vectors in set Z and prove
that it is sufficient to ensure that a solution Py to Problem (3.2) achieves margin
O(v) (with respect to the supports of the class-conditional densities). Later, we will
present a family of distributions that satisfies this condition with high probability

if enough data has been collected.

Theorem 3.21. Let Py solve problem (3.2). Assume that for any x; € Support(Py|y—o)
and X, € Support(Pxpy=1), [|[Pulx1 —x2)|| < 1. If there exists z1, z, € Z for any
2-dimensional subspace W of U+ such that

max{||Pwz1 ||, [[Pwz2|} < &
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and

7 < €,
[Puzi]|” [[Puza||

then the margin between Pp, 5 —o and Pp,xy—1 is at least

2 _ g2
v( =
2 1— ¢

Remark 3.22. This theorem provides sufficient conditions to ensure that the solution

to problem (3.2) as a margin of at least Q(y?). Hence, Py perfectly separates the class
conditional densities.

Proof of Theorem 3.21. To prove this, we first require two lemmas. For brevity, we
define u; = Py z;/||Pyzi|| and vi = Pyz;/||Pyzi|| for i = 1,2. The first ensures that
if the data contains z; and z, such that u; and u, form a nearly orthogonal basis for
U and the angle between u; and v; is small for i = 1, 2, then the margin between

Pp,xly—o0 and Pp, x|y—1 is non-zero.

Lemma 3.23. Let Py and Py be projectors onto U and 'V respectively where P~ solves
problem (3.2). If lufu,| < €3 and min{luf vy, W[} > v/ for some y’ > 0, then the
margin between the class conditional densities projected onto 'V, Pp,,x|y—o and Pp, xjy—1 s
at least y%

The above lemma relies on the assumption that min{ju] v, [uj v,|} > v’ for some
v" > 0. Next, we show that if max{||Pwz1||, ||[Pwz:||} < €; for any 2-dimensional
subspace W of U+, then this condition is satisfied.

Lemma 3.24. Let Py solve problem (3.2) and assume that Rank(Pv) = 2. Assume that for
any x1 € Support(Pyjy—o) and x, € Support(Pyy—1), ||Pu(x1 —x2)|| < 1. If there exists
21, 2o € Z such that

max{||Pwz1||, [[Pwz2|} < e



for any 2-dimensional subspace W of U+ then

2
Y — €
5 .

min [u] vi| >
=12
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Plugging in y’ = yz%eﬁ from Lemma 3.24 to Lemma 3.23 completes the proof of
ggmng 12 p p

this Theorem.

Proof of Lemma 3.23. Choose any x € Support(Pxy—o) and x’ € Support(Py|y_1).

Letz =x =x’.

IPvz|| = [[PyPuz|| > 5 (Iv{ Puz| + [v; Pyzl)

N~

We may write Puz = a;u; + a,u, for appropriately chosen ay, a,. Then,

|VIPuZ| = |VI(C11u1 + auy)
Z |C11||V1TU1| — |C12||V1TU2|

=
> lasly’ — lalluf uyl

> laily” — lagles.

Similarly, [v] Puz| > |aply’ — |ai]e,. Putting these pieces together,

|as] 4 [ag]
[Pvzll > =" (v~ e2)
_ lagl[us]] + |az/|uy]|
2
_ e || + flagus|
2
a1 + axt||
- 2
Y —e
= Pyz
Pz

(v —e2)
(v —e2)

(v — e2)

]
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where the final inequality follows from the assumption that the margin between
Pp xly—o0 and Pp xy—1 is at least y. O

Proof of Lemma 3.24. First, note that Py has rank at most 2 since Py has rank 2 and
satisfies all constraints of problem (3.2). Hence, V is supported on the Cartesian
product of U and a noise subspace W C U+. We may expand Pyz; fori=1,2as

Pin = OCiPuZi + \/ 1-— oc%PWzi.

Therefore,

(a)
¥ < [Pozill < /02 [[Puzi + (1 - @) Prozi

(b)
< o+ (1— ) [Pz

(c)
< \/oc% + (1 —a2)el.

Inequality (a) follows since z; € Z({xi,yi}) and Py is a solution to (3.2). In-
equality (b) follows from the assumption that for any x; € Support(Pxy—o) and
X2 € Support(Pyjy—1), ||Pu(x1 —x2)|| < 1. Inequality (c) follows from the assump-
tion that there exist z1, z, € Z such that max{||Pwz1||, [[Pwz:||} < €1 for any noise
subspace W. Rearranging, we see that

2 2
Yo — €]

o =
1—¢?

Finally, note that «; is the cosine of the angle between Py z; and Pwz;. Hence,
«; = u] v, completing the proof. O



74

3.C.5 Geometric Results for k > 2 Relevant Dimensions

Assume that Dimension(U) = k. For k > 2 dimensions, the conditions for learning
U are unknown. Beyond learning U, a simpler and still unanswered question is
what conditions ensure that any solution Py to problem (3.2) cannot be orthogonal
to Py (in the sense that U and 'V are not orthogonal subspaces). In this section, we
provide a simple condition that ensures that a solution Py cannot be orthogonal to
Py and bound the number of samples sufficient to ensure that this condition holds
with high probability for any joint distribution P,y with y margin.

Lemma 3.25. Consider an i.i.d. sample {xi,yi}]*; drawn from Py .y with difference
vectors Z({xi,Yi}i*1). Let Py be any solution to problem (3.2). If

Jzi € Z: ||zillpyyp1, <V

for any W C UL, then PyPy # 0. This holds for any Py .y with y margin.

Intuitively, this Lemma states that if in any noise subspace W there exists a z;

such that [|zi[[p, p7 <V, then any Pyy cannot solve problem (3.2).

Proof. Assume for contradiction that Py solves problem (3.2) and that V € U+. In
this case, we have that PyPy = 0. By assumption, there exists a z; € Z such that
|zillpypy < v. However, this contradicts the assumption that Py solves problem
(3.2). In particular, this is true for any Py y. [l

Next, we upper bound the number of samples sufficient to ensure that the
condition of Lemma 3.25 holds with high probability. For this, we require two
additional assumptions on Pxy beyond those from Section 3.C.3.

1. Support(Py) C {x e R4 : ||x]| < 1}
2. Py = Bernoulli(1/2)

Both assumptions could be changed to others depending on the problem setting.
The first bounds the support of Py .y inside the unit ball in R¢. Bounded support
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is necessary for our proof technique, but the same technique is applicable to a
different bounded region with only minor changes. The second condition is to
ensure that we see examples with both the label y = 0 and y = 1. In particular,
for a degenerate density where P(y = 1) = 1, Z = () and any projector Py solves
problem (3.2). The probability of either label could be changed, and the technique
we present would require only minimal changes. Intuitively, this assumption is
equivalent to the assumption that the classes are balanced (as many points have
label y = 0 as have y = 1) in expectation.

The technique proceeds via a covering argument. The probability that any two
points share a label is 1/2 by assumption. Hence, if one packs enough points, the
probability that no two points within vy of each other shares a label becomes small.

To make this precise, we employ a covering argument.

Definition 3.26 (e-Covering number, ( )). An e-cover of a set T in metric
space (M, d) is a set T C T such that for any t € T, there exists a t € T such that
d(t,t) < e. The e-covering number of T is the

N(e, T,d) := min{|T| : T is an e-cover of T}

In the case that the metric d(, -) is the standard Euclidean metric, we denote
N(el T/ H : HZ) - N(€, T)

ii.d.

Theorem 3.27. Let {(xi,yi)}1*; ~ Pxxy where Py .y satisfies both of the above assump-

tions. If
4 2
Y

then the probability that there exists zq € Z({(xi,Yi)}1",) such that ||Pyz,|| for every k
dimensional subspace W C U+ is at least

2kd
1— (§> 2—m/2,
Y
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Corollary 3.28. In the same setting as Theorem 3.27, if

m > 3log (%) + 6kdlog (%)

then the probability that there exists z, € Z({(xi,yi)}{,) such that ||Pwz1|| < vy for every
k-dimensional subspace W C U* is at least 1 — 8.

Proof of Theorem 3.27. Let Ey(€) be the event
Ew(e) =1{Az1 € Z({bxi,yi}) : [[Pwz1]| < €}

We are interested in controlling

P( U Ew(e)>.
weut

Note that we consider all possible k-dimensional noise subspaces W € U+. We
begin by controlling P(Ey(€)) for a fixed W and then union bound. Let Pp,xy—o
and Pp,, xy—1 denote the class conditional densities marginalized onto W. For any
two x4, x; with labels y;, y;j, we say that they collide in W if ||Pw(xi —%;)|| < €/2
but y; # y;. We seek to bound the probability that there is not a collisions in W.

Let B;(R¥) denote the Euclidean ball of radius 1 in R*. By the assumption on
Py xy, the supports of Pp, xy—0 and Pp xy—1 are contained in B, (R¥). If we collect
at least

N(e1/4,B1(R")) + m

samples from Py, there are [ (m + 1)/2| independent pairs of points within e; of
another deterministically.

To see this, note that if the m more points than €/4-covering number of B;(R¥)
have been sampled, then at least m must be within €/4 of one of the others by
deterministically. In the worst case, all m points are within an €;/4 radius ball
of a single other point, forming (™ ") pairs (and are within €;/2 of each other).

Note that points may appear in multiple pairs creating dependency between these
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random variables. However, note that of the (m; 1) pairs, at least [(m +1)/2] are
independent such that each individual point only appears in a single pair.

Let & be the set of pairs. We are interested in the probability that at least 1 pair
collides. Since W C U*, Py is independent of Pp,,x, which denotes P, marginalized
onto W. Furthermore, Py = Bernoulli(1/2). Combining this with independence
between y and Pwx for (x,y) ~ Px .y, the probability that a pair in 8 collides is 1/2.

Therefore, the probability that there are no collisions in 8 is at most 2718/ <

2-Lm+1)/2] < 2=m/2 Hence we have that
P(Ew(e/2)) <27 ™2

The above analysis is with applies for collisions with respect to metric || - || PPl for
a fixed W. It remains to union bound over all W C U+,

To do so, we again appeal to covering numbers, but in this case over k-dimensional
projection matrices. Let M¢ denote the set of Mahalanobis metrics on R¢ such that
for any M € Mﬂ, M can be written as M = UUT where U is a projection from R4

to an k dimensional subspace:
My ={PsPg € R : Rank(PsPg) =k, PsPg =0, (PsPg)® = PsPg ).

In Lemma 3.29 we bound the distortion incurred by restricting to a covering set of

metrics. In particular, let M be an €2/4 cover of M¢. By Lemma 3.29,

U  Ew(e/2) = [J Ewle).

W:PwPleM weut

Hence, we need only union bound over M. We bound the covering number of M¢

in the Lemma 3.30. Therefore

Pl J Ewle/2] < ) P(Ew(e/2)

W:PwPl,eM PwPleM

<N(e, M, || - )27
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kd
Lem3.30 /24
€

2kd
<)
€

The proof concludes by noting that the e/2-covering number of the unit ball in R*

is (£ 4+1)" and plugging in e =y throughout. O

Lemma 3.29. Let M be an e-cover of M& with respect to the spectml norm. Forany z € R4
with ||z|| < 2 and metric M € MS, there exists an M € M such that

l1zllm — llzllml < 2Ve.

Lemma 3.30. There exists a cover of M& at a scale € with respect to the spectral norm such
that N(e, M4, || - [)) < (& )

Proof of Lemma 3.29.
|z]lm = VzTMz
=VzTMz +2"Mz — z2"Mz (subadditivity)

<VzZTMz + \/|ZTMZ — zTMz|

— 2z + /2T (M = M)z

<zl + 1/ llzz" [l IM = M| (Holder's inequality)

< lzllve +/4IM = M| (llzll <2
= x—x'l;r + \/4IM - M|

Reversing the roles of M and M in the above computation, we get that

Izllm = Nzl < 20/ IM—M] <2V

where the final inequality follows since M is an € cover of md. O
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Proof of Lemma 3.30. This proof follows similarly to that of (2017).
We will construct an e-cover of M¢ with respect to the spectral norm, and will
bound the cardinality of this set. By the spectral decomposition, for all M € M4,
there exits matrices U € R4*" and £ € R4*X4 such that M = UZU". Furthermore,
the columns of U are orthonormal and X is diagonal with its first r diagonal entries
equal to 1 and bounded by 1 and its remaining entries 0 since we have assumed
M = M?. We proceed by covering unitary matrices to form our cover.

We wish to cover matrices in R4*™ whose columns are orthonormal, again with
respect to the spectral norm. Let U¢ be the set of such matrices. Define ||X||2,00 :=
max; ||X||,, where X; is the i" column of X. Define Q¢ :={X € RY*" : | X||200 < 1}
Then U¢ C QY. For all matrices X € R™ ™, || X||¢ > ||X||. Then the Frobenius norm
ball around X of radius € > 0is a subset of the spectral norm ball of radius € around
X. Therefore,

N(e, Q% |- ) < N(e, 97, || - [Ir) Ve >0

Using the proof of Lemma 3.1 from ( ), there exists an €/2
Frobenius covering of cardinality at most (£)*", which via duality of the spectral
an Frobenius norms, is also a valid spectral norm /2 covering of Q¢. Denote this
covering as Q_S.

Then we define the e cover of M¢ with respect to the spectral norm as

Then [M9] < 84| < (&) " It remains to show that this is a valid cover. Choose
M € M¢, and let M = arg min, 5z [M — X]|

uzu’ —UzU || = uzu’ —Uzu’ + Uzu’ —uzu |
<uzu’ —Uzu'|| +|Uzu’ — Uz |



80

To bound the first term,

luzu’ —uzu’|| = |ju-wz|
< U=z

€
S3

The second term can be bounded similarly. Therefore, each term is bounded by
€/2,50 |[M —M|| < e. O

3.C.6 A Generative Family of Distributions for k = 2

In this section we provide a generative family of data distributions that satisfy
the assumptions of Theorem 3.21. We seek to ensure that there exists a pair of

21,2, € Z({xy,%;}) for any 2-dimensional subspace W of U+ such that

1. max{||Pwzi||, [|[Pwz2|]} < &

2 |( oz, phzz | < e

In Theorem 3.32 we bound how many samples are sufficient to ensure the first
condition. In Theorem 3.34 we bound the number of samples necessary for the
second condition. As one condition is on W C U+ and the other is on U, the two
are independent. Hence, to satisfy the conditions of Theorem 3.21, one need only
collect enough samples to satisfy both bounds such that both events co-occur as
shown in Corollary 3.35.

Fix an arbitrary 2-dimensional subspace U of R¢ and consider the following
class of joint probability distributions P y.

1. Py .y satisfies all assumptions in section 3.C.3
2. Support(Py) C {x e R4 ||x]| < 1}
3. Pp xjy—o0 and Pp, xy—1 are both isotropic in U as defined in Definition.

4. Py = Bernoulli(1/2).
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In particular, we show that if Pp  x|y—o and Pp x,—1 are isotropic in U both classes
are equally likely, then if sufficiently many samples are drawn, then the conditions
are satisfied with high probability.

Definition 3.31. [Isotropic distribution in a subspace, adapted from Definition 1 of
( )] A distribution f, on R? is isotropic on a subspace W if frp,x = Tp,x Where
fpyx is the marginal of fx on W and T is any rotation in the U subspace.

3.C.6.1 Ensuring the first condition

In this section, we analyze how many samples are needed to ensure that there exists
Z1, 2, € Z such that max{||Pwz1||, |[Pwz:||} < €; for any 2-dimensional subspace W
of U*. Similar to the proof of Theorem 3.27, this proceeds via a covering argument.

ii.d.

Theorem 3.32. Fix €1 <. Let {(xi,yi)}1"; ~ Pxxy where Pyyy follows the 4 above

assumptions. If

4 2
€1

then the probability that there exists z, and z, € Z({(x1, Y1)}, ) such that max{||Pwz1 ||, |[Pwz2||} <
€1 for every W C Ut is at least

5 4d
1—hn+3)<—) 2~ (m/2H),
€1

Corollary 3.33. In the same setting as Theorem 3.32, if

m > 6log (%) + 24dlog (E) + 34

€1

then the probability that there exists z, and z, € Z({(x1, Y1)}, ) such that max{||Pwz1 |, |[Pwz2||} <
€1 for every W C U+ is at least 1 — §.

Proof of Corollary 3.33. We seek a sufficiency condition on m to imply that

5 4d
hn+3)(—> 2-(m/241) < §
€1
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This is equivalent to the condition that
mlog(\/i) —log(m +3) > log(1/0) +4dlog(5/€1) — log(2).

By inspection, we see that m > 2 as the above is not satisfied for m < 2. For m > 2,
log(m + 3) < 3log(m). Hence, the above is implied by

mlog(v2) —3log(m) > log(1/8) + 4dlog(5/e1) — log(2).

Plugging in Proposition 4 of ( ), the above holds for

m > 6log (%) + 24dlog (i) + 34

€1
completing the proof. O

Proof of Theorem 3.32. We proceed similarly to the proof of Theorem 3.27 except that
we wish to guarantee that at least two z’s exist. Let Evy(€) be the event

Ewl(e) = 1{Azs, 2z, € Z({bxi,yi}) : max{||Pwz1]], [|Pwz:|} < €}.

We are interested in controlling P ({_yycy» Ew) . We begin by controlling P(Eyy(€))
for a fixed W and then union bound.

Let B;(R?) denote the Euclidean ball of radius 1 in R?. By the assumption on
Py, the supports of Pp.xjy—o and Pp, xy—1 are contained in B (R?). If we collect at
least N(e;/4, B;(R?)) + m samples from Pyy, there are | (m + 1)/2] independent
pairs of points within e; of another deterministically. Since Py = Bernoulli(1/2)
and label y is independent of Pyyx for (x,y) ~ Pxy, the probability that a pair in 8
collides is 1/2.

Therefore, the probability that there are 1o collisions in 8 is at most 2~ Lm+1)/2] <

27™/2_ The probability there there is exactly 1 collision is at most

<L(m+1)/2J

. )z—L(m+1)/2J = [(m+ 1)/2J2—L(m+1)/2j < (m+1)2-(m/2+D),
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Hence we have that
P(Ew(e/2)) <27 ™2 4 (m+1)2- (/28 = (1 4 3)2~ (m/2+1),

The above analysis is with applies for collisions with respect to metric || - |[p,,p1.
for a fixed W. It remains to union bound over all W C U*. We wish to control the
probability To do so, we again appeal to covering numbers, but in this case over
2-dimensional projection matrices. Let M¢ denote the set of Mahalanobis metrics
defined by projections as in the proof of Theorem 3.27. Let M be an e?/4 cover of
M¢. By Lemma 3.29,

U Ewle/2) = | Ewler)

W:PyPleM weut

Hence, we need only union bound over M. Therefore

P U Ew(e/2) | < Z P(Ew(e1/2))

W:P\,vP;I;VEJ/V\[ PM}P;I;VEJ/V\[
< (m+3)N(e, M, || - |2~ /2D
Lem3.30 24\ %4
em< (m+3) (g) o—(m/2+1)
1

5 4d
Clme3(2) 2
1

The proof concludes by noting that the e-covering number of the unit ball in R? is

(% + 1)2 and plugging in € = €;/2. ]

3.C.6.2 Ensuring the second condition

In this section, we bound how large the set Z({x, yi}) must be to ensure that the

7 < €
[Puzi]|” |[Puza|

condition
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must hold with high probability for a z;, z, € Z.

Theorem 3.34. Fix e, > 0. Let {(xi, i)}, Hhd Py xy where Py follows the 4 above

assumptions.

Puzi  Puzz
[Puzi]l” [[Puz2|l

P (/521,22 €Z: ‘< >‘ < 62) < (1 _Pez)min(no’nl)_l

where ng == [{x; : y3 = 0}, nq =[xy : yy = 1}, and

e =2 (arccos(—ez) — arccos(ez))
o = .
T

ii.d.

Corollary 3.35. Fix €; < yand e; > 0. Let {(xi,yi) Iy ~ Pxxy where Pxyy follows
the 4 above assumptions. If

log(2/38)
log(l/(l - pez))

min(ne,ny) > 1+

and

4 2 2 5
ny+n; = (— + 1) + 6log (—> + 24dlog (—) +34
€1 d €1

then with probability at least 1 — b, there exists a pair of z1,z, € Z({xi,%;}) for any
2-dimensional subspace W of U+ such that max{||Pwz1]|, [|[Pwz2||} < €1 and

’< Puzq Puz, >‘ <e

Puzal” [[Puzall

Proof of Theorem 3.34. Let Z'({xi,yi}) C Z({xi,yi}) be the subset of the set of differ-
ence vectors such that each x; only appears in a single difference vector z. This is
done so all difference vectors are independent. We bound how large Z" must be for
the condition to occur. Since 2’ C Z, this implies that Z also satisfies the condition.

Let x ~ Pyxy—o and X" ~ Pyxjy—1. Let z 2 x — x’ where ‘2’ denotes equality in
distribution. Let P, denote the associated density function. We begin by showing
that PP is also isotropic in U. To see this, let Py denote the projector onto U, and
consider any rotation I' in the U subspace. Note that Pp - and Pp xy—1 being

isotropic in U implies that Pyx 2 'Pyx and Pyx’ D 'Pyx’ by Definition 3.31.
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Therefore,
Puz 2 Pu(x —x) 2 Pyx — Pux’ 2 TPyx — TPyx’ 2 TPy (x —x’) 2 TPy Z.

By Definition 3.31, this implies that P, is isotropic. Therefore, fixing any u € U and
z ~ P, the angle between u and Py z is a Uniform[—m, 71l random variable. Hence,
if we fix an arbitrary direction v € R4,

Puv PuZ
e ([(riar e <)
N Puv]l” [Pzl

Pywv  Pyz > < Pywv  Puz > )
=P, {0 , <e or 0> , > —€
Z( QWMWHHﬂH ’ [Puvl|” [[Puz]| ’

P, (0 < 0,, < arccos(e,) or 0> 0, > arccos(—e,))
z

(arccos(—ey) < 0,,, < arccos(e€,))

_5 <arccos(—ez) — arccos(ez)>
T

—. €r°

Therefore, for a set of independent directions 2/,

Pov Puzi ,
IP’(EIzigZZ':K uy uz >‘<€2):(1—Pe2)|zl-

Puvl|” [[Pazi|

Next we extend this analysis to random directions in U by integrating over all such
directions and noting that the distribution of such directions is uniform by the
isotropic assumption.

Puzi  Puz
P| Az, z EZ,’:‘< , >‘<e)
(E vz Puzill’ TPuzall /| S &

~&|1( Bz e 2|l 2
4 . |

[Puzi]|” [|Puz:||

o)

’ < (S)
[Puzil|” [[Puze]

= Ezl |:I['Ez2 []l (/921,22 ez

=Emﬁl—mﬂm*q

dl
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- (1 - p€2)|z,‘_1
where the exponent of |Z'| — 1 is due to the fact that if one fixes a single z; there
are |Z'| — 1 elements of Z' remaining. It remains to compute |Z'| in terms of Z. Let

no == l{xi : yi =0}l and ng := [{x; : yi = 1}|. |Z] = ngny and |Z'| = min(ng, ny). O
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4  APPLICATIONS OF METRIC LEARNING TO COGNITIVE SCIENCE

AND EDUCATION

4.1 Introduction

Visual representations are ubiquitous in science, technology, engineering, and
math (STEM) domains ( , ; , ). For example, chemistry
instruction on bonding typically uses the visuals shown in Figure 4.1. While we
typically assume that such visuals help students learn because they make abstract
concepts more accessible, they can also impede students’ learning if students do
not know how the visuals show information (Rau, ). To successfully learn with
visuals, students need representational competencies: knowledge about how visual
representations show information ( , ; , ). For example, a
chemistry student needs to learn that dots in Lewis structures (e.g., Figure 4.1a)
show electrons and white spheres in ball-and-stick models (e.g., Figure 4.1b) show
hydrogen atoms.

Educational technologies can help students learn by adding instructional sup-

port for representational competencies to problem-solving activities. A particular

Figure 4.1: Commonly used visual representations of chemical molecules. A: Lewis
structure of water. B: ball-and-stick model of water.
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advantage of educational technologies is that they can adapt such supports to
individual student’s knowledge about the visuals ( , ; ,

). To do so, technologies use a cognitive model that infers whether the stu-
dent has learned target knowledge based on their interactions with the visuals.
Tailoring instruction to students’ representational competencies can enhance their
learning about the representations ( , ) and of domain knowledge
( , 2009).

However, current educational technologies have two critical limitations. First,
most technologies support only conceptual representational competencies: the ability
to map visual features to concepts and to use visuals to reason about concepts
( » 2004; Stieff, 2005; , 2011 , 2001).
For example, chemists can explain how the number of lines and dots shown in a 2D
Lewis structure allow inferences about bonding. Such competencies are learned
via explicit, verbally mediated processes that are best supported by prompting

students to explain how visuals show concepts ( , ).
In addition, learning with visuals involves perceptual representational competen-
cies: the ability to quickly and effortlessly see meaning in visuals ( , ;
, ; , ; , ). For

example, chemists can immediately see that both visuals in Figure 4.1 show water,
without having to make effortful inferences about this. Perceptual representational
competencies are acquired via implicit induction processes that involve non-verbal
pattern recognition ( , ). Perceptual representational compe-
tencies play an important role in students’ learning because they free cognitive
resources for higher-order complex reasoning, allowing students to use the visuals
to learn new domain knowledge ( , ; , ).

A second limitation of current educational technologies is that-if they do incor-
porate supports for perceptual competencies—they do so without a cognitive model
of these competencies but instead rely on performance measures (

, )- That is, they treat each visual as an independent skill for students
to learn (e.g., a Lewis structure of water, a Lewis structure of carbon dioxide), in-
stead of considering the visual features students have to learn to perceive (e.g., dots,
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lines, letters). As a result, existing educational technologies cannot trace students’
acquisition of perceptual competencies or provide tailored feedback if students
fail to attend to particular visual features. Given that decades of research show
that cognitive models can increase the effectiveness and efficiency of educational
technologies ( , ; , ), we need to
address this limitation and develop adequate measures for perceptual competencies
to create adaptive supports for them.

We address this limitation with a method to assess students” perceptual compe-

tencies.

4.2 Prior Research

4.2.1 Learning with Visual Representations

Visuals are a specific type of external representation. External representations are
objects that stand for something other than themselves: a referent, which can be a
concrete object or an abstract concept ( , ). Representations in instructional
materials are defined as external representations because they are external to the
viewer. By contrast, internal representations are mental objects that students can
manipulate through imagination. Internal representations are building blocks
of mental models, which constitute students” knowledge of a particular topic or
domain. External representations can be symbolic or visual. For example, text or
equations are symbolic external representations that have arbitrary (or convention-
based) mappings to the referent ( , ). By contrast, visual representations
are external representations that that consist of icons that have similarity-based
mappings to the referent (e.g., diagrams, simulations, or physical models) ( ,
)-
Several theories describe how students learn with visuals. Mayer’s (
, ) Cognitive Theory of Multimedia Learning (CTML) and ( , ;
, ) Integrated Model of Text and Picture Comprehension
(ITPC) draw on information processing theory ( , , ;
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, ; , ) to describe learning from external representations
as the integration of new information into a mental model. We focus on processes
that pertain to visual representations.

First, students select relevant sensory information from the visual for further
processing in working memory. To this end, students use perceptual processes that
capture visuo-spatial patterns of the representation in working memory ( ,

). This process is affected by conceptual competencies about relevant visual
features, which enables top-down thematic selection of visual features (

, ; , ). Hence, the selection of relevant sensory information
involves both perceptual and conceptual competencies, allowing students to se-
lect features based on learned perceptual cues that are linked to domain-relevant
concepts.

Second, students organize this information into an internal representation that
depicts the information. Because visuals have similarity-based mappings to ref-
erents, their structure can be directly mapped to internal representations that are
also analogs of the referent ( , ; , ;

, ). In forming the internal representation, students engage the percep-
tual processes of pattern recognition based on visual cues. They engage conceptual
processes to map visual cues to concepts. The resulting internal representation is
depictive in that its organization corresponds to the visuo-spatial organization of
the external visual ( , ). Thus, the formation of an internal representa-
tion involves both perceptual and conceptual competencies, yielding a perceptual
analog of the external visual representation that is linked to conceptual knowledge
the domain.

Third, students integrate the information of the internal representations into
a mental model of the domain knowledge (e.g., schemas). To this end, students
integrate map the analog features of the internal representation to concepts retrieved
from long-term memory. This third step constitutes learning: students learn content
by integrating the internal representation into a mental model of domain (

, 1995; , 2005; , 2005; , 2014). Thus,

mental model formation involves perceptual and conceptual competencies.
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In sum, students’ learning with visuals involves both conceptual and perceptual
competencies ( , ). While this brief review illustrates that conceptual and
perceptual competencies are inter-related ( , ; , ),
we discuss each of them separately to highlight that they are learned via different
processes and hence require different assessments ( , ;

4 4 7 )’

4.2.1.1 Conceptual Representational Competencies

Experts can map visuals to concepts, make inferences based on visual representa-
tions, and choose a particular visual for a task because it shows relevant concepts
( , ; , ; , ). For example, a chemist can use Lewis
structures and ball-and-stick models to show how the geometry and its lone elec-
trons explain properties of water. According to the CTML and ITPC (

, ; , ), conceptual competencies are involved when students
select information by identifying meaningful features, when they form internal
representations by mapping the features to concepts, and when they integrate
internal representations with conceptual knowledge. According to cognitive learn-
ing theories, the acquisition of conceptual representational competencies involves
learning about general principles of how a visual shows concepts ( , ;

, ; , ). Furthermore, because most STEM do-
mains use multiple visuals, the acquisition of conceptual competencies involves
understanding how one visual constrains the interpretation of a second visual and
how they complement one another ( , , )-

The cognitive science literature (e.g., ( , )) suggests that
students learn conceptual competencies via sense-making processes. Sense-making
processes are explicit processes in that students have to willfully engage in them
( , ; , ). They are verbally mediated because they
,2003; , 2012).

The importance of sense-making processes for learning with visuals is widely

involve explanations ( , ;

recognized. For example, ( , ) and ( , ) describe sense-
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making processes in terms of structure mapping that allows students to distinguish
relevant and irrelevant features and to determine which information is (or is not)
shown in different visuals ( , ). Sense-making processes are also

involved when students explain why a visual can help solve a given problem

( s s ’ s )

4.2.1.2 Perceptual Representational Competencies

Further, experts see connections among visuals, translate among visuals, and inte-

grate information across visuals with little time and cognitive effort ( , ;

, , ; , ). For example, chemists can see “at a glance”

that a Lewis structure and ball-and-stick model both show water. Such percep-
tual expertise frees cognitive resources for higher-order reasoning (

, ; , ) and is considered an important goal in STEM

education ( , ; , ; ,

). According to the CTML and ITCP, perceptual competencies are characterized

by high efficiency in forming accurate internal representations ( ,

; , ). Further, the ability to automatically combine information
from different visuals without little mental effort ( , ;

, ; , ) results from efficiency in mapping

analog internal representations of visuals to one another ( , ;

, )-
The cognitive science literature (e.g., ( , ; , ;
, )) suggests that students acquire perceptual expertise via

perceptual-induction processes. These processes are inductive because students
can infer how visual features map to concepts through experience with many
examples ( , ; , ; , ;

, ). Students gain efficiency in seeing meaning in visuals via perceptual
chunking: rather than mapping specific features to concepts, they learn to treat each
analog feature as one perceptual chunk that relates to multiple concepts. Perceptual-
induction processes are considered to be non-verbal because they do not require
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explicit reasoning ( , ; , ; , ). They
are implicit because they happen unintentionally and sometimes unconsciously

( s ; , ). Hence, they do not rely on students

deliberate direction of conscious attention.

4.2.1.3 Enhancing domain knowledge by supporting representational

competencies

In sum, conceptual and perceptual representational competencies are learned via
different processes but mutually enhance one another. Empirical evidence for this
claim comes from studies showing that interventions that support sense-making

and perceptual-induction processes have complementary effects on students’ learn-

ing (Rau, ). Several studies show that sense-making support enhances students’
learning of domain knowledge in engineering ( , ),
biology ( , ), math ( , ), physics ( , ), and
chemistry ( , ).

Less research has focused on perceptual-induction support. Kellman and col-
leagues developed interventions that expose students to many short tasks where
they have to rapidly translate among representations. For example, a student may
be asked to select one of several pie charts that shows the same fraction as a number
line. Tasks are sequenced to expose students to systematic variation, often in the
form of contrasting cases, so that irrelevant features vary but relevant features
appear across several tasks ( , ; , ). Ex-
periments show that these interventions enhance learning in math and chemistry
( , ; , ). Finally, experiments on math and chemistry
learning show that combining perceptual-induction support and sense-making
support yields higher learning gains on domain knowledge tests compared to

sense-making support alone ( , ; , , ).
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4.2.2 Adaptive Educational Technologies for Representational

Competencies

Much research on learning with visuals has been done in the context of educational
technologies because they make it easy to integrate instructional supports for
representational competencies into problem-solving activities. Many technologies
include supports for representational competencies ( , ;

,2015; ,2000; , ; , )-
However, current technologies have two important limitations. First, they typically
do not adapt such support to the individual student’s level of representational
competencies. This limitation results from the fact that these technologies do not
contain a cognitive model of students’ learning of representational competencies.
One prominent exception is the External Representation Selection Tutor (ERST),
( , ; , ). ERST incorporates a cognitive model of
students’ conceptual representational competencies, in particular, their knowledge
about which visual to use for which type of problem. It provides adaptive feedback
on students” choice of visual and has been shown to improve representational
competencies and domain knowledge.

A second limitation is that only a few educational technologies support percep-
tual representational competencies. Kellman and colleagues spearheaded efforts
to develop such technologies ( , ; , ), which pro-
vide single-step translation problems that expose students to numerous visuals.
However, these technologies do not take full advantage of adaptive capabilities
that educational technologies can achieve. Specifically, Kellman and colleagues’
technologies are adaptive in that they trace students” improvement in accuracy and
speed. Until students achieve a mastery threshold, the same translation problems
are repeated, hence treating each problem as an independent skill. Thus, existing
technologies that support perceptual competencies lack a cognitive model that
maps each translation problem to a latent skill that describes mappings between
visual features that students can apply to a variety of visuals. Without such a
cognitive model, the technology cannot adequately adapt to students’ learning of
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perceptual competencies. We propose that the main reason for this limitation lies
in traditional methods for the assessment of representational competencies.

4221 Assessments of representational competencies

Prior research has yielded different assessments of conceptual and perceptual rep-
resentational competencies. To assess conceptual competencies, research has used
tests that assess students’ ability to explain how visuals show concepts (e.g., (

, ; , )). Further, research has used think-alouds to assess how
students learn these competencies during problem solving (e.g., ainsworth2003effects,
ploetzner2008successful). Also, research has used eye-tracking to assess students’
visual attention to conceptually relevant features (for an overview, see (

, )). Eye-tracking research is based on the so-called eye-mind
assumption ( , ; , ), which states
that the duration of eye-gaze fixations reflects the duration of cognitive processes
that students use on the information they are looking at. Consequently, most eye-
tracking research on multimedia learning has focused on measures that reflect
intentional direction of visual attention and assumes that these measures reflect
conceptual processes. The most prominent measures include fixation duration and
switching between stimuli (for recent meta-reviews, see ( ,

; , ; , )). For example, long fixations on
a stimulus are assumed to reflect deep processing of the information (e.g., (

’ ; , ; , )). Further, frequent
switching between stimuli is assumed to reflect integration of information across
the stimuli (e.g., ( , ; / ;

, )). Indeed, these measures correlate with students” conceptual compe-
tencies ( , ; , ). In sum, these measures
rely on verbalization (e.g., think-alouds) or behaviors that can be mapped to verbal
processes (e.g., eye-tracking).

To assess perceptual competencies, research has relied on measures of accuracy

and efficiency in recognizing, classifying, or categorizing visuals ( ,
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; , ; , ; , )). However, these
measures cannot determine which features drive students’ gains in accuracy and
efficiency. Further, research has used gestures as a measure of how students learn

perceptual competencies. Specifically, gestures can reveal which visual features

they attend to while interacting with visuals (e.g., ( p ;
, ). Also, teachers’ use of gestures reveal which features they aim
to draw students’ attention to (e.g., ( , ; , )). However,

as gestures typically accompany speech, these measures are related to students” and
teachers’ explicit use of visual features in conceptual reasoning. Hence, they cannot
reliably distinguish perceptual from conceptual competencies. Finally, research has
used eye-tracking measures of students’ efficiency in processing visuals (e.g., (

, ; , )). Here, decreased fixation durations indicate
increased efficiency, which contradicts the use of increased fixation durations as an
indicator of increased conceptual competencies. Further, eye-tracking measures
have been criticized for the assumption that cognitive processing is exclusively
related to foveal location ( , ). It is possible that peripheral vision plays
a role in perceptual competencies. In sum, these measures cannot capture the
implicit impact of visual features because they involve verbalization (e.g., gestures),
do not distinguish visual features (e.g., accuracy and efficiency), or assume explicit

attention (e.g., eye tracking).

4.2.2.2 Methods for cognitive model development

The lack of adequate methods to assess perceptual competencies is paralleled by a
neglect of perceptual-induction processes in the development of cognitive models
for educational technologies. To develop cognitive models, researchers typically
analyze how experts and students solve tasks ( , ; , ;

, ). Such cognitive task analyses involve asking experts and students
to “think aloud”; that is, to verbalize their thought processes (

’ ; , ). The main idea underlying this method
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is that think-alouds provide a readout of working memory ( ,

)- Think-aloud protocols can then be analyzed for conceptual and procedural
knowledge used to solve a problem (

)- A cognitive model then captures conceptual and procedural knowledge
prevalent among experts and traces students” progress towards expert thinking
(Rau, 2016).

Think-aloud methods have been augmented with eye tracking, for example in
cued retrospective reports ( , ; , ; ,

). Because talking can interfere with eye tracking, students’ eye gaze is recorded
while they solve problems quietly. Then, they view their gaze recordings and
think aloud retrospectively. While this method allows gathering some information
about processing efficiency, it emphasizes verbal knowledge. Further, the issues
mentioned above of assessing perceptual competencies with eye tracking persist.

In sum, think-aloud methods are suitable for conceptual and procedural knowl-
edge that can be verbalized but they likely cannot capture implicit and nonverbal

knowledge.

4.2.3 Similarity Learning Methods

To identify an alternative method to assess implicit, nonverbal perceptual competen-
cies, we draw on techniques for metric learning from triplet similarity judgments.
Figure 4.2 shows an example of a triplet judgment with Lewis structure representa-
tions of chemical molecules. Given the top image (the “target molecule”), partici-
pants are asked to click on one of the bottom two images (the “choice molecules”)
that they perceive as most similar to the top image. Participants receive many such
triplet similarity judgments in a row.

This approach draws on findings that people are better at providing ordinal
(i.e., comparative) responses than at providing fine-grained quantitative judgments
or ratings ( , )- We assume that participants’ perceived similarity
among visuals is a function of the visual features present in each image. Hence,
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Select which molecule is most similar to the top molecule

H
./

H O
-\‘ / e
Target C=C
Molecule /

\
H H

H H—@—y—Q—H

I
H-C=C-C—H O
H H

Choice Molecule Choice Molecule

Figure 4.2: Example triplet judgment task with Lewis structures, as used in Experi-
ment 1. Participants are given a target molecule (top) and asked to click on one of
the two choice molecules (bottom) that are most similar to the target molecule.

if we know which features account for students’ perception of similarity, we can
predict participants” similarity judgments. In the example shown in Figure 4.2,
if participants’ similarity judgments are strongly affected by the presence of the
letter C, then the molecule on the left is more likely to be selected. However, if
participants’ similarity judgments are more affected the presence of the letter O, the
molecule on the right is more likely to be selected. These conjectures do not rely on
the assumption that students are aware of these features driving their perception,
the assumption that students explicitly attend to the features, or even that they
foveally fixate on them.

Our method involves three steps. First, we code a corpus of visuals based
on simple features they contained (e.g., the presence or absence of lines between
two letters). Second, we collect triplet similarity judgments for each visual of the
form “molecule i is more similar to j than it is to k,” which provides information

about the relative perceptual similarity of the molecules shown in a visual. Third,
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we analyze which features drive participants’” similarity judgments using metric
learning, a branch of machine learning interested in learning notions of distance
that correspond to the similarity between items. Before we detail each step, we
review how metric learning allow detecting correlations between features and

similarity judgments.

4.2.3.1 Computational metric learning approach

To detect which visual features drive participants’ similarity judgments, we apply
the model developed in previous work ( , ). Simply put, the model
seeks to learn a notion of distance between the visuals parametrized by their features
such that the most visually similar visuals are nearest to each other. To achieve
this goal, the model learns an ordinal embedding that spatially represents the
similarity of molecule representations as distances. Formally, the model describes
the ith visual by a q-dimensional feature vector x;. Our goal is to learn a distance
metric parametrized by a symmetric positive-semidefinite matrix K, called a kernel
matrix. The kernel matrix K is chosen such that triplet similarity judgments of the
form “visual 1 is more similar to visual j than to k” are consistent with the distance
metric defined as dx(xi,Xx;) = (xi —%;)"K(x; — x;). Further, K is assumed to be
sparse, giving weight to only a subset of the features, corresponding to the belief
that a small number of features significantly influence human similarity judgments
( , ). By comparing the weight given to each feature in this subset, we
rank the features that are most important in determining similarity among the
visuals.

Note that this method is not biased towards selecting features that are more
prevalent in the dataset. As in ( , ) uses differences of distances with
respect to kernel K to predict similarity. As shown in the definition of dk (xi,x;),
distance and hence the prediction of similarity relies on differences of the feature
vectors x;. For a feature to have the chance of being predictive, it must vary between
feature vectors. For example, a feature that is present in all molecules but takes the
same value for all molecules is ignored, except for its interaction with other features.
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Additionally, by focusing on the difference of feature vectors, the absence of a given
feature can also be used to predict similarity or dissimilarity. Finally, the model
seeks to reweight features only based on their ability to predict triplet judgements
and hence does not assume to attention to any specific features. Reweighting fea-
tures also has the benefit that it allows the model to further correct for features being
more common by giving them less weight if they are not predictive of similarity.
There are three advantages of this model that make it suitable for modeling
perceptual competencies. First, by Theorem 2.1 in ( , ), the number
of triplet responses that are necessary and sufficient to learn K is known: if q is the
number of features that describe each representation, d is the number of relevant
features that affect students’ similarity judgments, and n is the number of molecules
students are comparing, then K can be uniquely identified with O(dqlogn) triplets
where O(-) hides constant factors. This ensures that sufficient data is collected to
learn K and detect relevant features. Second, Theorem 2.7 in ( , )
guarantees that the metric is uniquely determined by the triplet responses for a
generative model. This ensures that a ranking of the importance of features for
participants’ triplet judgments uniquely describes their perceived similarity and
can hence be confidently used for a cognitive model of perceptual learning. Third,
it may be reasonable to expect that participants agree on some triplets more than
others, and students may not be fully self-consistent. Other conventional methods
that require consistency place a stringent requirement on the data unlikely to be
satisfied in practice. The model in ( , ) makes no such assumption.
Instead, it directly models he level of disagreement in different triplets and can use
this information to better estimate the kernel matrix K. The resulting kernel yields
the best predictions on average for the collected data, and correspondingly yields

the best explanation on average of students’ judgments.

4.2.3.2 Efficiency of metric learning method

As mentioned, sample size (i.e., the number of similarity judgments) needed to
learn K is a practical concern. Active machine learning research has investigated
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how to reduce the data needed to achieve good model performance by querying
the most informative data-points (see ( , ) for an overview). Several
algorithms have been proposed for triplet-based active machine learning. While
some algorithms rely on uncertainty- sampling based approaches to select the most
informative queries with respect to a learned model, others rely on an information
theoretic approach has been proposed ( , ) to select triplets for
queries. Both are agnostic to the features (i.e., they do not have access to the
features) and instead directly focus on participants’ judgments. Notably, none of
the algorithms guarantee a number of samples necessary and sufficient to learn K.
In fact, the sample complexity of triplet-based metric learning was an open problem
until ( , ) demonstrated a lower bound of O(qd) samples being
necessary for any algorithm to learn the kernel matrix, K. Since our method requires
only O(qdlogn) triplets, it is essentially optimal up to logarithmic factors using
random sampling. This does not preclude, however, the possibility of constant and
logarithmic factor gains in performance of active versus random sampling, which
can have significant impact in real world settings.

In our experiments, we use an implementation of the algorithm proposed by
( , ), developed originally as part of the NEXT system (

, )- This package showed empirical success versus random sampling in
previous, offline experiments ( , ), which we expect to generalize to
our context. The results by ( , ) are referred to as offline in the context
of active learning research, because the authors first collected all O(n®) possible
samples for their dataset, and then allowed the algorithm to query from this set of
collected samples as if it was progressively seeing the data. This mitigates some
practical concerns of actively querying people such as server and network latency.
Our experiments take place in the online setting, where the algorithm progressively
updates and queries new samples in real time from participants, but we make use
of the same implementation of the same algorithm, which controls the sampling as

in ( , ).
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4.3 Research Questions

In sum, perceptual representational competencies are acquired via implicit, non-
verbal learning processes that result from the induction of relevant visual features
through experience with many visuals. We propose a similarity learning method
that draws on metric learning to assess participants’ perceptual representational
competencies without explicitly asking them to explain visual features or assuming
that they explicitly attend to these features. We chose chemistry as a domain for this
study for several reasons. First, our goal is to develop a method that is applicable
to realistic educational scenarios. Much prior research on perceptual learning has
used artificial visual stimuli that vary only one or two feature dimensions (e.g.,
Gabor patches; see ( , )). Real visuals are more complex in that
they vary on many feature dimensions, and the visuals used in chemistry are a
good example. Second, the visuals used in chemistry share several characteristics
with visuals commonly used in other STEM domains. For example, they encode
spatial information that is relevant to domain-specific concepts, combine symbols,
shapes, and color, and they recur throughout instruction. Third, perceptual fluency
trainings have been shown to be effective for this population (e.g., (Rau, )), and
therefore chemistry students are a representative target population for perceptual
fluency trainings.

In sum, to test if the similarity learning method can assess chemistry students’

perceptual competencies, we address the following research questions:

1. Which visual features drive chemistry students’ perception of similarity

among visual representations, as assessed with similarity learning?

2. How do features identified for chemistry students compare to features that
novices and experts are expected to attend to, based on prior research that
used traditional methods?

While chemistry students are not completely novice to the visuals, they also
do not have decades of experience with the visuals that is characteristic of percep-

tual expertise ( , ; , ). Therefore, we expect that
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students will attend to broader features that are not specific to particular molecules—
as is common among novices—rather than to features that are specific to a given
molecule and that reflect top-down processes through which conceptual knowl-
edge affects perception—as is common among experts. Further, we examine ways to
enhance the efficiency of this method by addressing:

3. Does the use of an active learning algorithm improve the efficiency of the
method?

While there are many proposed active algorithms, replicating their successes in
real world settings remains a challenge ( , ). To maximize our
chance of success, we employ an implementation of the algorithm proposed by
( p ), which independently showed empirical success in an offline
setting ( , ) similar to our online, real-time sampling setting. We
used the same implementation to select which triplets to sample with the same
parameters. Showing that active learning can improve the efficiency of learning
from triplets would be some of the first evidence of its efficacy in real world settings
where data is sampled in real time and a significant contribution to the field of

active learning.

4.4 Experiment]l

Experiment 1 was designed to address research questions 1 and 2. To this end, we
collected similarity judgments of Lewis structures (see Figure 4.1a) from undergrad-
uate chemistry students and applied the similarity learning method as described

above to these judgments.

4.4.1 Method
4.4.1.1 Participants

A total of 614 freshmen undergraduate students from a general chemistry course

for science majors at a large US university participated in the experiment. The
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course prerequisite was high-school chemistry. Students were invited to participate
in the survey in the middle of the semester, three weeks had covered the basics of
covalent bonding, which included information about common functional groups
such as alcohols and carboxylic acids. Hence, all students had some knowledge of
chemistry and had seen Lewis structures before, but they had not had the level of
experience that is characteristic of expertise. Participants were invited via email
with a request from the instructor to help with a research project on learning with
visual representations. They were not offered any incentive. Participants were

allowed to quit the survey at any time.

4.4.1.2 Materials

Participants took a brief online survey asking them to make similarity judgments
between Lewis structures showing different molecules. The survey asked them to
make triplet similarity judgments of the form shown in Figure 4.2 for three Lewis
structures at a time. Each participant received 50 triplets, which they completed
at home. They were asked not to use course materials or other support. For each
triplet, they had to choose which of the choice molecules was most similar to the
target molecule. To create the triplets, we selected 212 molecules that commonly
appear in textbooks. From this set, we then selected 50 molecules uniformly at
random without replacement. All triplets of three unique molecules were sampled
uniformly at random with replacement from the set of 58,880 possible triplets
from the 50 molecules, totaling 26, 180 samples. As per Theorem 2.1 of (

, ), this sample size satisfies the necessary and sufficient number of triplet
responses for the rank/sparsity of K.

Further, for each of the 50 molecules, we hand-coded visual features of their
Lewis structure representations. Specifically, we coded for 106 specific features
that describe anything a naive viewer could see, such as the number of distinct
letters, the number of bonds, etc. (see Table 4.1). These features are specific to a
given molecule in the sense that they uniquely and sufficiently distinguish between
molecules. We quantified these features in feature vectors, which encoded whether
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the feature was present or absent. These features include counts of individual
letters as well as information about specific bonds present in each molecule. In
addition, we created four summary features that reflect our interpretation of the
expert-novice literature, which documents that students tend to focus on broader
characteristics that are not specific to particular molecules. The summary features
are the sum of specific features of a given type; for example, the total number of
letters in a Lewis structure is the sum of the number of distinct letters. In total,
there were q = 110 unique features describing each molecule. To guarantee that
our method satisfies the conditions of Theorems 2.3 and 2.7 in ( , )
that guarantee a unique and optimal ranking of features by this procedure, we
selected a subset of 50 features of these 110 features that are relevant to the greatest
number of molecules. Our prior work shows that reducing the number of features
from 110 to 50 features has no effect on the results because many of the features that
are left out pertain to only a small number of the molecules and are hence unlikely
to explain perceived similarity of the whole set of visuals. Figure 4.3 shows feature
vectors for two visuals (red), including their summary features (yellow).

We collected participants’ triplet similarity judgments using the NEXT open-
source system for active machine learning ( , )- NEXT has modules
for triplet experiments and runs on top of Amazon Web Services. Further, NEXT

provides an easy interface for active data collection, as shown in Figure 4.2.

4.4.1.3 Analysis

To detect which visual features drive chemistry students’ perception of similarity
(research question 1) and to compare these to features to expected novice-expert
differences (research question 2), our goal was to learn a ranking of the features
based on how strongly they correlate with students’ triplet similarity judgments. As
described above, we achieve this goal by learning a symmetric positive-semidefinite
kernel matrix K that defines a distance metric from triplet similarity judgments of
the form “molecule i is more similar to molecule j than to k.”

Specifically, for a given Lewis structure, let x; be its feature vector (i.e., red
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Feature Type

Number of features
per molecule

Prevalence of feature
across molecule

Specific: Charge

Specific: Number of dots

Specific: Number of distinct letters
(e.g., number of C’s)

Specific: Number of single bonds
between two letters

Specific: Number of double bonds
between two letters

Specific: Number of triple bonds
between two letters

Specific: Number of 90-degree bond
angles between any two bonds
Specific: Number of 120-degree bond
angles between any two bonds
Specific: Number of 180-degree bond
angles between any two bonds
Summary: Total number of connections
(i.e., double bond and triple

bonds count as one connection)
Summary: Total number of bonds
(i.e., double bond counts double,
triple bonds counts triple)

Summary: Total number

of different letters

Summary: Total number of letters

1
1

14

20

20

15

27

1
1

8
475

361

260

22

6

232

76

132

293

315

122
365

Table 4.1: Summary of hand-coded visual features for Lewis structure representa-
tions for the 50 molecules used in Experiment 1. Features include four summary

features and 106 specific features.
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Feature Feature ves Xiugp
vector X;; || vector x;,
Molecule representation - HZO CO,

A 0=C=0.
J Features H H ’ ’
single lines 2 4
dots 4 8
connections 2 2
bondType single,O,H 2

bondType_single,C,0

bondType double,C,0 2
bondAngle_O{H,H},90 1
bondAngle C{0,0},180 1
“=e =110
Educated number of letters
guess features  pymber distinct letters 2 2

Figure 4.3: Feature vectors of molecules represented as Lewis structures. Columns
show example feature vectors for H,O and CO, Lewis structure representations
(red). Rows show features, including surface features (yellow).

columns in Figure 4.3). We model each triplet similarity judgment as a relative
distance constraint of the form dk(xi,%;) < dk(xi,%k), where dk (xi,%;) == (xi —
x;) TK(x; — x;). This distance function weights differences between some features
more than others such that relative distances are as consistent as possible with
participants’ similarity judgments. Features with more weight (i.e., larger values in
K) have stronger correlations with participants’ similarity judgments. Importantly,
we consider a method for learning K that does not require knowledge of d and is
not biased towards any feature.

For each triplet t = (i,j,k), in the set § = {t : (i,j, k)} of queried triplets, there
is an associated label y; = +1 indicating a participant’s response (e.g., y¢ = —1
means “i is more similar to j than to k”). The distance function predicts similarity

judgments according to
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—1 x < dk(xi,%5) < dx(xq,%x)
<

d
1 0<dk(xi,x;) > di(xi, xi)

for a learned kernel matrix K, and if {Jy = y;, the distance function agrees
with the participant’s response for triplet t. We assume that there exists a latent,
generative kernel matrix K*, and that participants’ responses are noisy indications
of relative distances with respect to the distance function defined by K*. Note that
their responses may be contradictory and 8 may contain duplicate triplets as the
queries are generated uniformly at random.

Further, based on the assumption that few features drive participants’judgments,
we restrict the learned kernel matrix to be row-sparse, such that only few, d < q =
50, features receive weight in K. That is, the distance function only considers
differences between a small set of the features to determine the distance between
representations. Ideally for a range of choices for d, we would search over all subsets
of d features and learn matrices K that satisfy as many of the triplet constraints as
possible. Unfortunately, this optimization is computationally infeasible. Instead,
for the set of triplets, 8 with associated labels y, we optimize the following convex
relaxation:

1
K=argmin g} log(1+exp (y: (dx(xi,x;) — dx(xi, %))

tes

over the convex set

Ky :={K € R99: K symmetric PSD, ||K|[12 < A}

1/2 . . .
where [[K|[1,:= > {, (X", K?;) . This norm encourages solutions that give

weight to fewer features without explicitly enforcing a specific number. By increas-
ing and decreasing A, we can control the number of features in the solution. We
solve this optimization via projected gradient descent and choose A by splitting our
dataset into training, validation, and test sets. In particular, we used 80% of the
collected queries to learn kernel matrices, K, for a range of different values of . We
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then tested each kernel on the validation set to find the optimal value of A. With
the selected value of A, we relearn K using both the training and validation sets as
training data and evaluated the performance on the held-out test set. Additionally,
as a form of preprocessing, we normalized all features to have 0 mean, further
aligning the procedure with the conditions of Theorem 2.7 in ( p )
for our choice of loss function. This theorem guarantees that the K we recover
as a result of this convex optimization is the unique optimum and hence that the
corresponding ranking of features uniquely describes participants’ judgments.

4.4.2 Results
4.4.2.1 Prior Checks

We evaluated the accuracy of the model using ten-fold cross validation. Our model
achieved an average 72% prediction accuracy of students’ similarity judgments.
Note that in general, triplet queries were not repeated for different students, which
makes it difficult to compute an absolute metric of consistency among participants.
From the 50 molecules we considered, there were 58, 880 unique triplets that could
have been queried, and not deliberately repeating triplets allowed us to maximize
our coverage of this set. Some triplets were repeated due to the random sampling
procedure, but 90% of triplets were unique. Due to the large size of the training
and test sets, the effect of repeated triplets is minimal. In particular, all theoretical
guarantees of the model discussed in ( , ) are from the perspective
of random sampling and do not preclude the possibility of repeated samples. That
said, the prediction accuracy of this procedure serves as a proxy for estimating the
consistency of participants’ responses as well as a participant’s self-consistency.
Note that consistency in the context of triplet judgements is richer than agreement
on repeated samples because triplet judgments imply transitive information about
the molecules of the form “if molecule i is more similar to j than to k, and i is
more similar to k than to i, then we can infer that i is more similar to j than to i.”
Prediction accuracy captures this richer notion of consistency. In particular, if there

was perfect consistency, the model would achieve accuracy close to 100%, whereas
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if there was little to no consistency, the model would achieve accuracy near 50%.
Thus, the 72% accuracy of our model indicates that there was consensus over which
visuals were more or less similar, but also that there were some disagreements
among students’ similarity judgments.

Further, we validated the claim outlined in Section 4.2.3 that the method is not
biased towards selecting more common features. An alternative method to predict
triplets, as opposed to learning a kernel matrix, is to use the standard Euclidean
distance directly on the feature vectors. More common features have a greater
impact on this distance metric. Hence, if our method was biased towards selecting
common features, and the most common features explain participants’ judgments,
then the Euclidean distance method should do well and perform similarly to our
model in terms of prediction accuracy. Instead, the Euclidean distance method
only achieves 50.3% accuracy, which is markedly worse than the 72% percent
accuracy of our method and barely above a model that lacks any consistency..
Note that this merely highlights the importance of feature selection for predicting
similarity judgments. It would be possible to use multidimensional scaling to
predict similarity judgments; but this would not address research questions 1 and 2.
Thus, our method is not simply selecting common features but reweights features

that explaining students’ similarity judgments.

4.4.2.2 Similarity Judgments

To identify which visual features account for students’ similarity judgments, we
estimated the weights for each feature in matrix K. The stronger a feature’s weight in
matrix K, the more this feature affected students’ similarity judgments. To compute
the weight for a given feature, we calculated the Euclidean norm of that feature’s row
in the kernel matrix K. Note that since K is symmetric, it is equivalent to computing
this for columns. This norm correlates to the amount that a given feature influences
the overall distance metric, with features with greater corresponding norms in K
having greater influence in determining similarity between visuals. For rows whose

norm is 0, the corresponding feature is given no weight in determining similarity.
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Thus, a feature’s weight corresponds to its saliency in students’ perception of
visuals.

First, we used this matrix to investigate which features drive students’ perception
of similarity among visuals (research question 1). Table 4.2 shows the top ten ranked
features selected in our kernel matrix K. This ranking shows that the presence and
counts of specific atoms (e.g., sulfur and oxygen) affected similarity judgments.
Further, the most prevalent features relate to specific features of bonds. Specifically,
with respect to bond types, students focus on whether specific atoms are bonded to
one another by single, double, or triple bonds. Finally, similarity judgments rely
strongly on angles between specific atoms in chains (e.g., carbon-oxygen-hydrogen
chains).

Second, we used matrix K to investigate how features identified by similarity
learning correspond to features that novices and experts are expected to attend
to (research question 2). No summary features were among the highest ranked
features. The three summary features (total letters, connections, different letters),
ranked 32, 39, and 40, and the last two had little weight in K. The observation that
several of the highest ranked specific features were related to chemical functional
groups aligns with features we expected to be characteristic of expert perception.

4.4.3 Discussion

With respect to visual features that drive students’ similarity judgments (research
question 1), our results indicate that students’ similarity judgments are strongly
affected by the presence or absence of specific atoms. This finding may reflect
the fact that Lewis structures make atom identity very salient through the use of
letters. We note that the most highly ranked bond types contain atoms between less
frequent atoms, such as sulfur and nitrogen. Hence, the saliency of atom identity
may cause students’ perceptual learning processes to be sensitive to specific atoms
that are present in fewer molecules, rather than common atoms that appear in most
molecules, such as carbon and hydrogen.

Further, we found that students’ similarity judgments are not only affected by
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| Ranking | Feature name | Average Weight |
1 Number of sulfur atoms 11.8%
180 degree bond angle
2 in fluorine-carbon 10.0%

-fluorine chain
Sulfur-oxygen

3 double bond type 7 4%
Carbon-nitrogen o

4 single bond type 6:7%
180 degree bond angle

5 in carbon-oxygen 6.1%
-hydrogen chain
180 degree bond angle

6 in hydrogen-carbon 5.3%
-nitrogen chain
90 degree bond angle

7 in carbon-carbon 4.3%
-oxygen chain

8 Number of oxygen atoms 4.1%

9 Nitrogen-oxygen double 3.9%
bond type

10 Carbon-carbon triple 3.8%
bond type

Table 4.2: Top ten ranked visual features in Experiment 1 on Lewis structure repre-
sentations.

individual atoms, but also by groups of atoms. For instance, while the feature
pertaining to the number of carbon atoms is not ranked highly, carbon is present
in most of the bond angle and bond type features present in the top ten ranked
features. This indicates that students’ perceptual learning processes are attuned
to how carbon interacts with other atoms, rather than its presence directly. This
result may reflect that most molecules contain carbon, hydrogen, and oxygen, and
consequently bonds amongst these three may be less informative when comparing
the similarity of molecules. More broadly, this ranking suggests that students

perceptually process bonding when judging the similarity of Lewis structures, a
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key concept these visuals depict.

With respect to the comparison of visual features assessed by similarity learning
to those suggested by prior expert-novice research (research question 2), our results
suggest that students’ similarity judgments are more strongly affected by specific
visual features than we had expected. Whereas the summary features captured
broader information about the visuals (e.g., the number of atoms in the molecule),
students instead processed more fine-grained information about the visuals such
as the presence of specific atoms and their interactions with other specific atoms
via bonding. The impact of more specific features may allow students to compare
the molecules more so than the broader features. For example, it is possible that for
difficult triplets (i.e., triplets where all three molecules are somewhat dissimilar),
students may answer the triplet query by focusing on the presence or absence of a
specific feature (e.g., “these three molecules are all kind of different, but these two
contain fluorine”). Thus, the impact of specific features on similarity judgments
may reflect that these are more informative than the summary features.

Finally, when inspecting the specific features related to bond angles, we observed
that they are indicative of functional groups that characterize the type of molecule.
For instance, carbon-oxygen-hydrogen chains indicate alcohols, hydrogen-carbon-
nitrogen chains indicate amides, and triple bonds indicate unstable molecules. This
suggests that students’ perceptual processes may reflect conceptual knowledge
about how Lewis structures show molecules. Hence, chemistry students seem to
exhibit stronger top-down processes through which conceptual knowledge affects
perception than we would expect for students who are completely novice to the
visuals. Thus, metric learning reveals useful information about how chemistry
students perceive visuals, without requiring them to explicitly explain how they
do so.

A limitation of our method is that it requires a rather large number of sam-
ples. Hence, Experiment 2 investigates if active machine learning can improve the

efficiency of this method.
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4.5 Experiment 2

Experiment 2 addresses research questions 1-3. To this end, we collected similarity
judgements of ball-and-stick models (see Figure 4.1-b) using random and active
sampling from undergraduate chemistry students and used the same similarity
learning method as above.

4.5.1 Methods
4.5.1.1 Participants

A total of 489 freshmen undergraduate students were recruited from the same
general chemistry course as Experiment 1. The course was taught by a different
instructor than the course we used in Experiment 1, but thanks to a standardization
of the course, the course materials were identical (i.e., content covered, sequence of
content, representations used, lecture slides, syllabus, etc.). Students were invited
at the same time during the semester as in Experiment 1. All students had some
knowledge of chemistry and had seen ball-and-stick models before, but they had
not had the level of experience that is characteristic of expertise. Participants were

recruited in the same way as in Experiment 1 and did not receive incentives.

4.5.1.2 Materials

Participants again took part in a brief online survey asking them to make similarity
judgments between visual representations. We generated 50 ball-and-stick model
representations of the same molecules as in Experiment 1 using WebMO, a mod-
elling software for chemical molecules. As in Experiment 1, each ball-and-stick
model representation had a hand-coded q = 132 dimensional feature vector which
from which we took a subset of q = 50 features that included the summary features
by the same method as in Experiment 1, described above (see Table 4.3). Figure 4.4
shows feature vectors for two visuals (red), including their summary features (yel-

low). We collected 9005 randomly sampled triplet similarity judgments as well as
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Feature Feature | v Xi5g
vector x;_, vector x;_,
Molecule representation = H,0 CO,
A —e—o
J Features g ‘
Black spheres 2
Red spheres 1
connections 2
bondType single,red,white 2
bondType double,black,red 2
bondAngle O{H,H},90 1
bondAngle C{0,0},180 1
e =132
Educated number of spheres
guess features number of sphere colors 2 2

Figure 4.4: Feature vectors of molecules represented as ball-and-stick models.
Columns show example feature vectors for H,O and CO, ball-and-stick model
representations (red). Rows show features, including educated guess features
(yellow).

8792 actively sampled triplets, totaling 17,797 samples. An example triplet with
three ball-and-stick model is shown in Figure 4.5.

As with Experiment 1, we used the NEXT system ( , ) to collect
participants’ similarity judgments, and responses were collected via an online sur-
vey that asked students not to use any outside materials. A difference to Experiment
1 was that we used active sampling, so as to address research question 3. Active
triplets were sampled according to the CrowdKernel algorithm for active triplet
embedding ( , ). To select the next triplet to query, the algorithm
computes an information gain criterion that estimates which triplets provide the
most information based on past responses. Importantly, as opposed to random sam-
pling, which gathers independent samples, active sampling is inherently sequential,

collecting dependent samples to minimize redundant information. Ideally, this
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Prevalence of feature

Feature type Number of features per molecule
across molecules

Specific: Number of dis-
tinct sphere colors
Specific: Number of sin-
gle bonds between any 19 291
two spheres

Specific: Number of

double bonds between 5 21
any two spheres

Specific: Number of tri-

ple bonds between any 2 6
two spheres

Specific: Bond lengths

of single bonds between 19 99
any two spheres

Specific: Bond lengths

of double bonds be- 5 17
tween any two spheres

Specific: Bond lengths

of triple bonds between 2 6
any two spheres

Specific: Number of

109-degree bond angles 22 364
between any two bonds

Specific: Number of

120-degree bond angles 19 85
between any two bonds

Specific: Number of

180-degree bond angles 6 13
between any two bonds
Specific: Atomic radii of

15 367

. 15 122
spheres of a given color
Summary:' Total number 1 01
of connections
Summary: Total number
of different sphere col- 1 121
ors
Summary: Total number 1 367
of spheres

Table 4.3: Summary of hand-coded visual features for ball-and-stick model rep-
resentations for the 50 molecules used in Experiment 2. Features include three
summary features and 129 specific
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Figure 4.5: Example triplet judgment task with ball-and-stick models, as used in
Experiment 2. Participants are given a target molecule (top) and asked to click
on one of the two choice molecules (bottom) that are most similar to the target
molecule.

would allow the algorithm to achieve a more precise estimate of K in fewer samples.
We used the standard implementation of this algorithm provided in the NEXT
system. Because searching over the full set of triplets is computationally expensive
and because it is important to minimize downtime when querying participants, the
implementation instead computes the information gain criterion over a randomly
drawn subset of the full set of triplets and returns the most informative triplet from
that subset. In spite of this issue, the implementation has been shown to achieve
gains in efficiency with respect to random sampling ( , )-

4.5.1.3 Analysis

To detect which features drive students” perception of similarity among visuals
(research question 1) and to compare them to expected features (research question
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2), we used the same procedure as in Experiment 1, except that for Experiment 2, K
is learned from a combination of both actively and randomly sampled triplets, so
as to make maximum use of our data. In addition, we compared the performance
of an active learning for triplet selection to randomly sampling triplets in terms of
learning an embedding based on perceptual similarity (research question 3). To this
end, we used the algorithm outlined in ( , ) for the randomly sampled
triplets to learn a Euclidean embedding from participants’” similarity judgments.
The embedding maximally satisfies the provided constraints from both actively and
randomly sampled triplets. We chose this method instead of other methods (e.g.,
( ,2007; ,2011; , ;

, )) because it is theoretically motivated and the only method to
give optimality guarantees. To learn an embedding of the actively sampled triplets,
we used the algorithm outlined by ( , ), which—although it lacks
the guarantees of the algorithm by ( , )-guarantees asymptotically
recovering an optimal solution. Moreover, this algorithm is better suited for learning
from actively sampled triplets according to the CrowdKernel model ( ,

) than the algorithm by ( , ). It is worth noting, however, that
both algorithms have the same optimal solution in the generative setting that a
true embedding exists from which we sample noiseless triplets and attempt to
reconstruct the embedding. Further, if triplet responses are noisy as is common in
realistic contexts, both recover similar embeddings.

To compare how the accuracy of the active and random sampling embeddings
changes as a function of the sample size used for training, we computed errors
of each embedding for different training set sizes. We computed errors as the
proportion of triplet constraints the learned embedding violates, given the training
set size that was used to learn the embedding. If active learning is more efficient,
we should see fewer errors (i.e., fewer constraints violated on the unseen test set)
for an embedding learned from a training set of actively sampled triplets than for
randomly sampled ones. Specifically, of the 9005 triplet similarity judgments, we
used up to 6000 for training and 3005 for testing. For example, to determine the

relative accuracy of the active and random sampling embeddings for a training set
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size of 500 triplets, we trained each with 500 triplets and tested them on 3005 triplets
to compute their errors. Likewise, to determine the relative accuracy of the active
and random sampling embeddings for a training set size of 1000 triplets, we trained
each with 1000 triplets and tested them on 3005 triplets to compute their errors.
We repeated this procedure at intervals of 500 triplets between 500 to 6000 triplets.
The training sets from the randomly sampled triplets were selected uniformly at
random without replacement. The training sets from the actively sampled triplets
were grown progressively in the order that the active algorithm queried triplets to
mimic the sequential, dependent procedure of the active algorithm.

We opted not to use an alternate method for assessing the performance of the
active learning method, which would be to perform metric learning (see Experiment
1) by learning two matrices K;, K, from similarity judgments generated by the
random and the active algorithms. From there, with the notion of distance dk (x;, x;)
as defined above, we could likewise compare the proportion of held out triplets
each K satisfies when learned from actively versus randomly sampled triplets. We
also did not compare performance on feature selection directly because it is difficult
to measure accuracy in this setting without a ground truth set of important features.
Instead, we chose to compare performance on ordinal embedding for three reasons.
First, ordinal embedding compared to low-dimensional metric learning is a better
studied problem. There are efficient and precise parameter-free algorithms that
yield simpler and computationally efficient analyses. This is important because the
goal of this research is to develop a cognitive model for educational technologies,
which would frequently assess student performance. Second, our active sampling
method is agnostic to the features of the visuals. However, the geometry of the
features that characterize each visual impacts the ability to learn K (see Theorem
2.1 by ( , ))- By performing ordinal embedding as opposed to metric
learning, we mitigate the confounding factor of the geometry of the feature vectors
impacting our ability to learn a matrix K that satisfies triplet constraints. Instead, we
can compare the quality of the embeddings themselves. Third, ordinal embedding
from triplets is a restricted version of the more general problem of metric learning

from triplets (see ( , )). Hence, if actively sampled triplets generate
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an embedding that more readily generalizes to unseen triplets than an embedding
generated from random triplets, it implies that it is possible to learn a matrix K
with similarly superior generalization performance in the metric learning problem.
In sum, comparing the actively and randomly sampled triplets by their ability to
generate ordinal embeddings that generalize to unseen data is a better method for
comparing actively and randomly sampled datasets than comparing the quality of

learned metrics or selected features directly.

4.5.2 Results

Using ten-fold cross validation, we achieved an average 63% prediction accuracy of
students” similarity judgments on the ball-and-stick models. This finding indicates
that there was consensus about the similarity among visuals, but also that there
were some disagreements among students’ similarity judgments. Further, there
was greater disagreement for ball-and-stick triplets than for Lewis structure triplets.
To identify which visual features account for students’ similarity judgments, we
estimated the weights for each feature in matrix K as in Experiment 1.

First, we investigated which features drive perception of similarity among visu-
als (research question 1). Table 4 shows the top ten ranked features selected in our
kernel matrix K.

Most notably, this ranking indicates that a single feature dominates the metric
far more strongly than was the case for the Lewis structure representations. This
indicates not only that students’ similarity judgments are strongly affected by this
feature, but also that there is a greater degree of consensus between students
about how this feature corresponds to similarity between ball-and-stick models.
Further, we notice that students’ similarity judgments of the ball-and- stick models
are strongly affected by specific features, such as the number of carbon atoms or
beryllium atoms. Also, their judgments are driven by specific features related to
bonding, specifically bond types between specific atoms and bond angles in specific
atom chains. In addition, summary features such as the total number of atoms and

number of bonds also impacted students’ similarity judgments. These summary
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| Ranking | Feature Name | Average Weight |

109.5 degree bond angle in

1 ) 27.3%
hydrogen-oxygen-carbon chain
Length of a single bond between

2 7.0%
oxygen and hydrogen
Length of a single bond between

3 6.3%
carbon and carbon

4 Number of carbon atoms 5.1%
Length of a single bond between

5 . 4.2%
oxygen and nitrogen

6 Number of bonds 3.9%

7 Number of beryllium atoms 3.5%

3 120 degree bond angle in 3.49,
flourine-carbon-carbon chain e

9 Atomic radii of hydrogen atoms 3.0%

10 Number of total atoms 2.6%

Table 4.4: Top ten ranked visual features in Experiment 2 on ball-and-stick model
representations.

features are ranked amongst the top ten features but are weighted less strongly
than the more specific features.

The ranking visual features also allows us to investigate how the features as-
sessed with similarity learning correspond to visual features that novices and
experts are expected to attend to (research question 2). As noted above, summary
features were predictive of students’ similarity judgments, but not as strongly as
the specific visual features that uniquely describe specific molecules. Hence, while
students’ similarity judgments were affected by broad features, they were more
strongly affected by specific features that experts would be expected to attend to.

Finally, we investigated whether active learning improves the efficiency of the
method (research question 3). Figure 4.6 shows a comparison of the errors of active
versus random sampling in predicting triplet judgments by training sample sizes.

To analyze this data, we computed t-tests for different training set sizes in

intervals of 500 samples, yielding 12 t-tests (corresponding to the 12 data points
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testing accuracy versus # of triplets

—— CrowdKernel Sampling
—— Random Sampling

Random
is better

Error

No significant
difference

T + T T T T
1000 2000 3000 4000 5000 6000
Number of triplets

Figure 4.6: Errors of random sampling (blue) and active (blue) sampling methods
as a function of the number of triplets used in the training set. The y-axis shows
the percentage of triplet queries that are not satisfied in the embedding learned
for with the training set of each size on the x-axis. Lower values correspond to
better performance with respect to this metric. Error bars were computed using a
binomial proportion confidence interval for one standard deviation.

in Figure 4.6). Each t-test compared the performance of the model learned by the
active or random method on predicting students’ responses to 3,005 triplet queries
that were held out for testing. Table 4.5 shows the Bonferoni-adjusted p-values from
the t-tests. For training set sizes lower than 1,500, we found significant advantages
of the random sampling method, but not for larger training set sizes.

4.5.3 Discussion

With respect to visual features that drive chemistry students’” similarity judgments
(research question 1), our results indicate that students’ perceptual learning pro-
cesses are attuned to specific features such as the presence or absence of specific
atoms as well as on features related to interactions among specific atoms via bond

type and bond angles. These results align with our findings on students’ perceptual
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Training t-value p-value p-value

set size (unadjusted) | (Bonferoni adjusted)
500 t(3005) =2.904  0.004 0.044
1000 t(3005) = 4.28 <.001 <.001
1500 t(3005) = 2.88 0.004 0.048
2000 t(3005) =2.123  0.034 0.405
2500 t(3005) = 0.611  0.542 1.0
3000 t(3005) =1.887  0.059 0.711
3500 t(3005) = 0.16 0.873 1.0
4000 t(3005) = —0.187 0.851 1.0
4500 t(3005) =1.261  0.207 1.0
5000 t(3005) =0.756  0.45 1.0
5500 t(3005) =1.103  0.27 1.0
6000 t(3005) =1.245 0213 1.0

Table 4.5: Results from t-tests comparing active and random sampling methods by
training set size.

processing of Lewis structures in Experiment 1. We observe that the bonding-
related features include a combination of atoms present in many molecules (e.g.,
carbon), as well as atoms that are more distinctive, such as chlorine and fluorine.
Further, when inspecting the atoms in bonding-related features, we note that they
are indicative of chemical functional groups and hence seem to carry conceptual
meaning. These findings align with our findings from Experiment 1.

A difference between the findings from the experiments is, however, that the
ball-and-stick model features contain more common atoms than the Lewis structure
features from Experiment 1. A possible explanation is that ball-and-stick models
show atom identity by color, which may make it more difficult for students to
map them to elements than Lewis structures that show atom identity by letters
that resemble the element name (e.g., yellow for sulfur is less intuitive than S
for sulfur). It is likely that students are more familiar with the color used for
common atoms such as carbon, oxygen, and hydrogen than with the colors used
for uncommon atoms. Hence, when presented with ball-and-stick models, their

perceptual learning processes may be more strongly affected by common atoms
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than when presented with Lewis structures. This may explain why the top ten
features for ball-and-stick models contained more common atoms than those for
Lewis structures.

A further difference to Experiment 1 regards how the features we identified
compare to features that we expected novices and experts to attend to (research
question 2). While Experiment 1 had shown that students’ perceptual processing
of Lewis structures is mostly driven by specific features, Experiment 2 showed
that students” perceptual processing of ball-and-stick models was also driven by
broader summary features, such as the total number of atoms and the total number
of bonds—although less than by the specific features. Again, the fact that ball-
and-stick models show atom identity by color may explain this difference. First,
identifying atom identity with ball-and-stick models may require more experience
because mappings to atom identity is less salient than for Lewis structures. Second,
because Lewis structures are more prevalent in chemistry instruction, students
may have less experience with ball-and-stick models. If students lack experience
with how ball-and-stick models show atoms, their perception may have to rely on
broader features such as the total number of atoms.

With respect to whether the use of active learning improves the efficiency of the
method (research question 3), our results are somewhat disappointing. First, in the
initial stages of sampling (less than 1,500 triplets in the training set), we find an
advantage of the random sampling. We explain this result in the following way.
Before the active algorithm can ask potentially more informative queries, it must
first build an initial estimate of the model it is attempting to learn. This is referred
to as the “cold start problem” ( , ). To do this, the model
begins by deterministically asking queries where each visual is the “target molecule”
for a set number of queries with different visuals as the “choice molecules.” As a
result, in the initial stages of sampling triplets, the active algorithm may be prone
to asking correlated and thus less informative queries as compared to random
sampling. This may explain why the random sampling method performs better
at the initial stages of sampling. Second, for larger numbers of training set sizes
(2,000 triplets or more in the training set), we find no differences between the
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methods. Here, the active algorithm has begun asking the queries it believes to be
most informative as opposed to queries with a given target molecule. Note that
the algorithm’s guess at which query is most informative is always with respect to
the embedding it has learned thus far. We hypothesize that for moderate numbers
of triplets, the embedding learned thus far is somewhat inaccurate so the gain
with respect to random sampling may be small if present at all. It is possible that
with a larger number of samples, the active algorithm may eventually outperform
random sampling, but the effect of the cold-start problem is such that this effect is
not visible for the number of samples collected in Experiment 2. It is also possible
that the performance gain is very small due to that fact that participants’ responses
tend to be noisy and even self-contradictory, which makes learning an embedding
challenging, independent of the sampling method and cold-start problem. In sum,
our results show that there seems to be no advantage in actively sampling similarity
judgments in our setting, despite successes in related settings (e.g., ( ,

))-

4.6 General Discussion

This article makes two contributions to research on perceptual representational
competencies. First, we show that we can assess perceptual representational com-
petencies without verbalization or the assumption of explicit attention. We applied
this method to two different types of visuals and were able to identify which fea-
tures drive students’ perception of visuals of chemical molecules. Our results show
that similarity learning methods can identify and rank the impact of visual features
on chemistry students” perceptual learning processes when they engage with visu-
als. Hence, this method allowed us to examine the nature of the features that affect
perceptual processing. Both experiments showed that students’ perceptual process-
ing is affected by specific features that describe uncommon atoms and interactions
among common and uncommon atoms via bonding. This finding provides further
evidence for the interrelated nature of conceptual and perceptual representational

competencies. Given that students’ perception of similarity is affected by features
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that are conceptually meaningful because they describe chemical functional groups,
students have moved beyond being driven by broader features that novices may
be expected to attend to. Instead, their perceptual processing system seems to be
informed by top-down processes that reflect conceptual knowledge about chemical
molecules. In contrast to prior methods for assessing representational competen-
cies, we uncovered these top-down processes without asking students to verbally
explain, which could have falsely prompted conceptual knowledge.

Second, our findings suggest that comparing perceptual processing of different
visuals can provide insights into their relative difficulty. Experiment 2 showed
that chemistry students’ perceptual processing is affected by specific as well as
broad features of ball-and-stick models. The specific features align with those
from Experiment 1 in that they describe chemical functional groups that reflect
conceptual knowledge about molecules. Yet, compared to the Lewis structure
features, the ball-and-stick model features contained more common atoms. A
reason for this finding may be that Lewis structures more saliently represent atom
identity, which makes it easier for students to identify uncommon atoms, whereas
ball-and-stick models denote atom identity with colors that may make it more
difficult to identify atoms. Further, while none of the features that were drivers
of perceptions of Lewis structures were broader summary features, the important
features for ball-and-stick models included summary features. Again, the fact that
ball-and-stick models may be more difficult for students than Lewis structures
may explain this result. Ball-and-stick models make atom identity less salient and
students tend to have less experience with them. If students have less experience in
identifying atoms based on the ball-and-stick model color scheme, their perceptual
processing system may have to rely on broader features to judge the similarity of
visuals.

These two contributions should be interpreted in light of our procedure for cod-
ing the feature vectors. Our method assumes that the features that drive students’
similarity judgments are represented in the feature codes. While we are confident
that our feature vectors reflect objective characteristics of the visuals because coding
the features did not require any knowledge about the molecules or the visuals, we
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note that coding of complex stimuli always contains a degree of subjectivity. This
may particularly be true of the summary features that we created based on literature
suggesting that students attend to broader characteristics rather than features of
specific molecules. Our interpretation of this literature may be subjective and could
have led us to construct particular summary features that may not accurately reflect
how chemistry students in our sample perceive similarity among feature vectors.

Further, our research makes two contributions to machine learning. The first
contribution to machine learning is less optimistic. We had expected that active
sampling would improve the efficiency of the similarity learning method, thereby
allowing us to assess perceptual competencies with fewer samples; but, this was
not the case. The active learning method yielded lower accuracy than the random
sampling method for small samples (less than 1,500 samples in the training set). A
positive side of this finding is that extant methods of random sampling, which are
easier to implement than active sampling methods, yield superior results, especially
for small samples that are likely more prevalent in educational research.

A second contribution to machine learning is that we provide the first real-
world demonstration of a new mathematical theory for feature selection based on
metric learning based on the method by ( p ). This method is the
first to allow practitioners to both quantify the accuracy of the learned perceptual
embeddings and guarantee unique recovery of the kernel matrix, K. Therefore,
our ranking of features likewise is unique and optimal. Specifically, we applied
bounds on the accuracy of estimating low-dimensional metrics learned from small
numbers of comparative judgments. Further, we test the practical performance of
the empirical risk minimization framework outlined in our prior theoretical work
( , ) and demonstrate its feasibility for problems with moderate
numbers of features and large numbers of samples. Specifically, we explored the
application of group Lasso regularized metric learning algorithms for automatically
selecting the most perceptually salient features by learning a low- dimensional
metric. Thus, our experiment empirically validates the low-dimensional metric
learning approach with similarity judgments of undergraduate chemistry students,

as well as new and provably accurate machine learning methods to assess how
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visual features predict or encode perceptual similarity judgments.

4.7 Limitations and Future Directions

A limitation of our research results from our choice of population. We focused
on chemistry students because they are a target population for perceptual fluency
trainings. But this choice also implies that students had prior exposure to the visuals
and likely had high motivation to learn about them. Hence, our conclusions that
students” perceptual competencies have moved beyond those of novices because
the visual features align with chemical functional groups that we expect experts to
attend to is—although it is founded in the expert-novice literature on conceptual
and perceptual knowledge—to some extent speculative.

Further, a limitation of the similarity learning method is that it requires rela-
tively large samples. Ideally, cognitive models rely on assessments of individual
students’ competencies. Currently, our method can be used to assess perceptual
representational competencies for subpopulations (e.g., freshmen chemistry stu-
dents) but cannot be used to assess an individual’s competencies. Future research
will investigate whether using more images per query (e.g., quadruplets instead of
triplets) would increase the information value of each query without increasing the
difficulty of the task for participants. Further, it is possible that combining cohort
information (e.g., freshmen students tend to focus on...) with active sampling yields
efficiency gains that can assess individual students” perceptual competencies.

A final limitation of our research results from its focus on visuals of chemical
molecules. While we consider the fact that we used realistic visuals a strength of our
research because it extends prior research on perceptual learning that often relies
on artificial visuals that have only one or two feature dimensions (e.g., ( ,

), the complexity of the visuals we considered may not be representative of all
realistic stimuli. Indeed, the complexity of the visuals we considered is evidenced
by the fact that they required 110 (Lewis structures) or 132 (ball-and-stick models)
features to describe their information content. This complexity may explain why

students’ similarity judgments were somewhat contradictory, which reduced the
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accuracy of our models. While many visuals in most STEM domains are complex
(e.g., drawings of cells in biology, circuit diagrams in physics), there are certainly
simpler visuals (e.g., line graphs in math), and future research should determine if

our findings generalize to these visuals.

4.8 Conclusion

To the best of our knowledge, the present experiments are the first to test a method
to assess students’ implicit perceptual competencies without requiring explicit
verbalization or explicit attention. In spite of its limitations, this method allowed
us to identify and quantify the impact of visual features on chemistry students’
perceptual processing of visuals.

Applying this method to two types of visuals that are common in chemistry al-
lowed us to examine how students’ perceptions of the visuals that reflect differences
in how saliently the visuals depict specific information about chemical molecules.
Further, the visual features revealed that students’ perception is informed top-down
by conceptual knowledge about the visuals, hence providing new evidence for the
interrelated nature of perceptual and conceptual processes. While future research
has to address limitations of this method, this research takes a significant step
towards the development of cognitive models that can assess students’ perceptual
competencies via implicit measures. This is important because most educational
technologies focus on conceptual competencies and fail to incorporate adaptive
supports for perceptual competencies—a limitation we attribute to lack of methods
to assess implicit knowledge. Thus, the present experiments may advance adaptive
instruction for implicit knowledge.
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5 LEARNING NEAREST NEIGHBOR GRAPHS FROM NOISY

DISTANCE SAMPLES

5.1 Introduction

In modern machine learning applications, we frequently seek to learn proximity/
similarity relationships between a set of items given only noisy access to pairwise
distances. For instance, practitioners wishing to estimate internet topology fre-
quently collect one-way-delay measurements to estimate the distance between a
pair of hosts ( , ). Such measurements are affected by physical
constraints as well as server load, and are often noisy. Researchers studying move-
ment in hospitals from WiFi localization data likewise contend with noisy distance
measurements due to both temporal variability and varying signal strengths inside
the building ( p ). Additionally, human judgments are commonly
modeled as noisy distances ( , ; , ). As an example, Ama-
zon Discover asks customers their preferences about different products and uses
this information to recommend new items it believes are similar based on this
feedback. We are often primarily interested in the closest or most similar item to a
given one- e.g., the closest server, the closest doctor, the most similar product. The
particular item of interest may not be known a priori. Internet traffic can fluctuate,
different patients may suddenly need attention, and customers may be looking
for different products. To handle this, we must learn the closest/ most similar
item for each item. This chapter introduces the problem of learning the Nearest
Neighbor Graph that connects each item to its nearest neighbor from noisy distance

measurements.
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Problem Statement: Consider a set of n points X = {xy, - - - , x,,} in a metric space.
The metric is unknown, but we can query a stochastic oracle for an estimate of
any pairwise distance. In as few queries as possible, we seek to learn a nearest

neighbor graph of X that is correct with probability 1 — §, where each x; is a

vertex and has a directed edge to its nearest neighbor x;- € X\ {xi}.

5.1.1 Related work

Nearest neighbor problems (from noiseless measurements) are well studied and we
direct the reader to ( ) for a survey. ( ); ( );
( ) all provide theory and algorithms to learn the nearest
neighbor graph which apply in the noiseless regime. Note that the problem in the
noiseless setting is very different. If noise corrupts measurements, the methods from
the noiseless setting can suffer persistent errors. There has been recent interest in
introducing noise via subsampling for a variety of distance problems
( ); ( , ), though the noise here is not actually part of the
data but introduced for efficiency. In our algorithm, we use the triangle inequality
to get tighter estimates of noisy distances in a process equivalent to the classical
Floyd-Warshall ( ); ( ). This has strong connections to
the metric repair literature ( , ; , ) where one
seeks to alter a set of noisy distance measurements as little as possible to learn a
metric satisfying the standard axioms. ( , ) similarly uses the triangle
inequality to bound unknown distances in a related but noiseless setting. In the
specific case of noisy distances corresponding to human judgments, a number of
algorithms have been proposed to handle related problems, most notably Euclidean
embedding techniques, e.g. ( , ; ,
; , ). To reduce the load on human subjects, several attempts at
an active method for learning Euclidean embeddings have been made but have
only seen limited success ( ). Among the culprits is the strict
and often unrealistic modeling assumption that the metric be Euclidean and low

dimensional.
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5.1.2 Main contributions

In this chapter, we introduce the problem of identifying the nearest neighbor graph
from noisy distance samples and propose ANNTri, an active algorithm, to solve
it for general metrics. We empirically and theoretically analyze its complexity to
show improved performance over a passive and an active baseline. In favorable
settings, such as when the data forms clusters, ANNTri needs only O(nlog(n)/A?)
queries, where A accounts for the effect of noise. Furthermore, we show that ANNTri
achieves superior performance compared to methods which require much stronger
assumptions. We highlight two such examples. In Fig. 5.2¢, for an embedding
in R?, ANNTri outperforms the common technique of triangulation that works by
estimating each point’s distance to a set of anchors. In Fig. 5.3b, we show that ANNTri
likewise outperforms Euclidean embedding for predicting which images are most
similar from a set of similarity judgments collected on Amazon Mechanical Turk.
The rest of the chapter is organized as follows. In Section 7.2, we further setup
the problem. In Sections 5.3 and 5.4 we present the algorithm and analyze its
theoretical properties. In Section 5.5 we show ANNTri’s empirical performance on
both simulated and real data. In particular, we highlight its efficiency in learning

from human judgments.

5.2 Problem setup and summary of our approach

We denote distances as d;; where d : X x X — Ry is a distance function satis-
tying the standard axioms and define x;- := arg min,cx\(x,} d(xi, x). Though the
distances are unknown, we are able to draw independent samples of its true value

according to a stochastic distance oracle, i.e. querying
Q(i,j) yields arealizationof d;; +mn, (5.1)

where 1 is a zero-mean subGaussian random variable assumed to have scale pa-
rameter 0 = 1. We let am- (t) denote the empirical mean of the values returned by

Q(1,j) queries made until time t. The number of Q(i,j) queries made until time
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tis denoted as T;;(t). A possible approach to obtain the nearest neighbor graph
is to repeatedly query all (}) pairs and report x;-(t) = argmin;; di;(t) for all
i € [n]. But since we only wish to learn x;-Vi, if dix > d; -, we do not need to
query Q(i, k) as many times as Q(i,1*). To improve our query efficiency, we could
instead adaptively sample to focus queries on distances that we estimate are smaller.
A simple adaptive method to find the nearest neighbor graph would be to iterate
over Xi,X,...,Xn and use a best-arm identification algorithm to find x;- in the
i*" round.! However, this procedure treats each round independently, ignoring

properties of metric spaces that allow information to be shared between rounds.

e Due to symmetry, for any i < j the queries Q(i,j) and Q(j, i) follow the same
law, and we can reuse values of Q(1,j) collected in the i*" round while finding

X;+ in the j*" round.

e Using concentration bounds on d; ; and d; x from samples of Q(i,j) and Q(i, k)
collected in the i*" round, we can bound d; i via the triangle inequality. As a

result, we may be able to state xy # x;- without even querying Q(j, k).

Our proposed algorithm ANNTri uses all the above ideas to find the nearest neighbor
graph of X. For general X, the sample complexity of ANNTri contains a problem-
dependent term that involves the order in which the nearest neighbors are found.
For an X consisting of sufficiently well separated clusters, this order-dependence
for the sample complexity does not exist.

5.3 Algorithm

Our proposed algorithm (Algorithm 1) ANNTri finds the nearest neighbor graph of

X with probability 1 — 0. It iterates over x; € X in order of their subscript index and

sth /

finds x;- in the j*™ ‘round’. All bounds, counts of samples, and empirical means

are stored in n x n symmetric matrices in order to share information between

'We could also proceed in a non-iterative manner, by adaptively choosing which among ()
pairs to query next. However this has worse empirical performance and same theoretical guarantees
as the in-order approach.
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Algorithm 1 ANNTri

Require: n, procedure SETri, 2, confidence &
1: Initialize d, T as n x n matrices of zeros, U, U2 as n x n matrices where each
entry is oo, L, L® as n x n matrices where each entry is —oo, NN as a length n
array

2: forj=1tondo

3: for [ dofind tightest triangle bounds]i =1ton

4: forall k #1ido

5: Set UA[i, kI, UA[K, 1], < min, U, see (5.7)
6: Set L[, k], L2[k, i] «+— max L}, see (5.8)
7: end for

8: end for

9: NNJ[j] = SETri(j, d, U, UA, L, LA, T,& =58/n)
10: end for

—_
—_

: return The nearest neighbor graph adjacency list NN

different rounds. We use Python array/Matlab notation to indicate individual
entries in the matrices, for e.g., a[i,j] = (Ali,j (t). The number of Q(i,j) queries
made is queried is stored in the (i,j)*™ entry of T. Matrices U and L record upper
and lower confidence bounds on d;;. U® and L* record the associated triangle
inequality bounds. Symmetry is ensured by updating the (j,1)'" entry at the same
time as the (i,j)'™ entry for each of the above matrices. In the j*™ round, ANNTTi
finds the correct x;- with probability 1 — §/n by calling SETri (Algorithm 2), a
modification of the successive elimination algorithm for best-arm identification. In
contrast to standard successive elimination, at each time step SETri only samples
those points in the active set that have the fewest number of samples.

5.3.1 Confidence bounds on the distances

Using the subGaussian assumption on the noise random process, we can use

Hoeffding’s inequality and a union bound over time to get the following confidence
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Algorithm 2 SETri

Require: index j, callable oracle Q(-,-) (5.1), six n. x n matrices: d, U, U%, L, L%, T,
confidence &
1: Initialize active set A; +«+ {a # j : max{lla,jl,L%[ajl} <
min, min{UJj, k], U [j, k]}}
while |A;| > 1 do
for all i € Aj such that T[i,j] = minkea, T[i, kI (only query points with
fewest samples) do
Update d[i,j], dlj, il « (d
Update T[i,jl, T[j,i] < [
Update U[i, j], Ufj,1i] +
Update L[i,j], L[j, 1] « dli,
end for
Update A; + {a # j : max{L[a, jl, L®[q,j]} < min, min{U[j, k], U2 [j, kI}}
10: end while
11: return The index i for which x; € A;

d 1,3l - T[i il+Q(i,5))/(ThH, 1 +1)
T i3l +

dfi,jl + Ca(T[i,j])

il — Ce(Th, 31

intervals on the distance d; x:

. 2(T. 2
& (8) — d ] < 42208 OP/O) gy, (5.2)
T (t)

which hold for all points xi. € X \ {x;} at all times t with probability 1 — 5/, i.e.
P(Vt € N,Vi #,dy; € [Li(t), Uy (0)]) > 1—8/n, (53)

where Li,j (t) = ai,)" (t) — Cé/n(Ti/j (t)) and Ui/j (t) = ai,j (t) + C5/n(Ti,)' (t))
( ) use the above procedure to derive the following upper bound for the

number of oracle queries used to find x;-:

o (Z log(nzA/z(éAj,k))> / (5.4)

k#j ik
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where for any xx ¢ {x;, x;-} the suboptimality gap A; x := d;  — d;; characterizes
how hard it is to rule out xi from being the nearest neighbor. We also set A; ;- :=
minyge; i« Ajx. Note that one can use tighter confidence bounds as detailed in

( ) and ( ) to obtain sharper bounds on the
sample complexity of this subroutine.

5.3.2 Computing the triangle bounds and active set A;(t)

Since A;(-) is only computed within SETri, we abuse notation and use its argument
t to indicate the time counter private to SETri. Thus, the initial active set computed
by SETri when called in the j*" round is denoted A;(0). During the j*™ round, the
active set A;(t) contains all points that have not been eliminated from being the

nearest neighbor of x; at time t. We define x;’s active set at time t as
Aj(t) = {a #j : max{Lq;(t), Lg; (1)} < min min{U; (1), us (mp. (65

Assuming Lﬁj (t) and Ufk(t) are valid lower and upper bounds on d ;, d; x respec-
tively, (5.5) states that point x, is active if its lower bound is less than the minimum
upper bound for d; « over all choices of x # x;. Next, for any (j, k) we construct
triangle bounds L~, U# on the distance d; k. Intuitively, for some reals g, g’, h, h’,
if di; € [g,g'l and d;x € [h,h'] then d; < g’ +h’, and

djx > Idi; — dixl = max{di;, di} —min{d;;, dix} > (max{g, h} —min{g’, h'}),
(5.6)

where (s):=max{s, 0}. The lower bound can be seen as true by Fig. 5.B.1 in the
Appendix. Lemma 5.1 uses these ideas to form upper and lower bounds on distances
by the triangle inequality.

Lemma 5.1. Forall k # 1, set Uﬁi(t) = Ufk(t) := Uy (t). Forany i < j define

Ufki(t) = min (min{Uy;(t), Uf;l (t)} + min{U; i (t), Uﬁ? (t)}). (5.7)

max{iy,ip}<i
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Forall k # 1, set Lﬁi(t) = Lfk(t) := Ly (t). Forany i < j define

Lfki (1) == max (max{l_i,j (t) [oh (1), Lix(t), Lﬁ? (t)}

O . 71,
max{iy, iz 3,14} <1 2

A

— min{Us, (£), Ug* (6, U (1), Ut (1)), (68)

where (s)4 = max{s, 0}. If all the bounds obtained by SETr% in rounds i < j are correct
then

djx € [L (1), U ()],  where L (t) = max L) and Uy (1) = min Ui (1),
The proof is in Appendix 5.B.1. ANNTri has access to two sources of bounds
on distances: concentration bounds and triangle inequality bounds, and as can
be seen in Lemma 5.1, the former affects the latter. Furthermore, triangle bounds
are computed from other triangle bounds, leading to the recursive definitions of
Lﬁi and Ufki. Because of these facts, triangle bounds are dependent on the order
in which ANNTri finds each nearest neighbor. These bounds can be computed
using dynamic programming and brute force search over all possible iy, i,, 15,14 is
not necessary. We note that the above recursion is similar to the Floyd-Warshall
algorithm for finding shortest paths between all pairs of vertices in a weighted
graph ( ); ( )- The results in ( ) show that
the triangle bounds obtained in this manner have the minimum [; norm between

the upper and lower bound matrices.

5.4 Analysis

All omitted proofs of this section can be found in the Appendix Section 5.B.

Theorem 5.2. ANNTr1 finds the nearest neighbor for each point in X with probability 1 — .
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5.4.1 A simplified algorithm

The following Lemma indicates which points must be eliminated initially in the j*"

round.

Lemma 5.3. If 3i: 2U;; < Ly, then xi ¢ A;(0) for ANNTr.

Proof. 2Uy; < Lije <= Uy < Ly — Uy < L3 u
Next, we define ANNEasy, a simplified version of ANNTri that is more amenable to

analysis. Here, we say that xy is eliminated in the j*™ round of ANNEasy if i) k<j and

Ji: Uy < Lk (symmetry from past samples) or ii) Ji : 2U;; < Lix (Lemma 5.3).

Therefore, x;’s active set for ANNEasy is
.Aj = {(,17&) : La,k < 2Uj,k Vk and La,j < mkin Uj,k}. (59)

To define ANNEasy in code, we remove lines 3-8 of ANNTri (Algorithm 1), and call a
subroutine SEEasy in place of SETri. SEEasy matches SETri (Algorithm 2) except
thatlines 1 and 9 are replaced with (5.9) instead. We provide full pseudocode of both
ANNEasy and SEEasy in the Appendix 5.A.1.1. Though ANNEasy is a simplification
for analysis, we note that it empirically captures much of the same behavior of
ANNTri. In the Appendix 5.A.1.2 we provide an empirical comparison of the two.

5.4.2 Complexity of ANNEasy

We now turn our attention to account for the effect of the triangle inequality in
ANNEasy.

Lemma 5.4. For any xy € X if the following conditions hold for some i < j, then x\ ¢
A;(0).

6Cs/m(1) < dix—2di; and {5, KN (Un<ifl:2dmi < dmye}) = 0. (5.10)

The first condition characterizes which xy."s must satisfy the condition in Lemma 5.3
for the j*™ round. The second guarantees that x; was sampled in the i*" round, a

necessary condition for forming triangle bounds using x;.
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Theorem 5.5. Conditioned on the event that all confidence bounds are valid at all times,
ANNEasy learns the nearest neighbor graph of X in the following number of calls to the
distance oracle:

0 (Z D LapaHie+ D diagaHi— ]1[Ak,j1Hk,j)+> : (5.11)

j=1 k>j k<j
2 .
In the above expression Hj, := 8" g giA 2 and Lia,,0 = 1, if xi does not satisfy the

triangle inequality elimination conditions of (5.10) Vi < j, and 0 otherwise.

In Theorem 5.13, in the Appendix, we state the sample complexity when triangle
inequality bounds are ignored by ANNTri, and this upper bounds (5.11). Whether a
point can be eliminated by the triangle inequality depends both on the underlying
distances and the order in which ANNTr1i finds each nearest neighbor (c.f. Lemma 5.4).
In general, this dependence on the order is necessary to ensure that past samples
exist and may be used to form upper and lower bounds. Furthermore, it is worth
noting that even without noise the triangle inequality may not always help. A
simple example is any arrangement of points such that 0 < r < d;x < 2rVj, k. To
see this, consider triangle bounds on any distance d; . due to any x;, xi» € X\{x;, X }.
Then [dij — dipl < 1 < 2r < diy + dige ¥i,i" so LY} < Uf Vi,j,k. Thus no
triangle upper bounds separate from triangle lower bounds so no elimination via
the triangle inequality occurs. In such cases, it is necessary to sample all O(n?)
distances. However, in more favorable settings where data may be split into clusters,

the sample complexity can be much lower by using triangle inequality.

5.4.3 Adaptive gains via the triangle inequality

We highlight two settings where ANNTri provably achieves sample complexity better
than O(n?) independent of the order of the rounds. Consider a dataset containing
¢ clusters of n/c points each as in Fig. 5.1a. Denote the m'" cluster as €, and
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Figure 5.1: Example datasets where triangle inequalities lead to provable gains.

suppose the distances between the points are such that
{Xk : di,k < 6C5/n(1) —+ Zdi,j} - Gm VI,] S Gm (512)

The above condition is ensured if the distance between any two points belonging to
different clusters is at least a (5, n)-dependent constant plus twice the diameter of

any cluster.

Theorem 5.6. Consider a dataset of \/n clusters which satisfy the condition in (5.12).
Then ANNEasy learns the correct nearest neighbor graph of X with probability at least 1 — &
in

0 (nWP) (5.13)

queries where A=2 = — Zyj i kee; log(nz/(éAj,k))Aj_f is the average number of
samples distances between points in the same cluster.

By contrast, random sampling requires O(n2A_2 ) where

min

= H]lin log(n?/(8A;,))A; 2 = A2

In fact, the value in (5.11) be be even lower if unions of clusters also satisfy (5.12).
In this case, the triangle inequality can be used to separate groups of clusters. For
example, in Fig. 5.1b, if C; U €, and €3 U C4 satisfy (5.12) along with Cy,---,Cy,
then the triangle inequality can separate C; U C; and €3 U C4. This process can be

generalized to consider a dataset that can be split recursively into into subclusters
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following a binary tree of k levels. At each level, the clusters are assumed to satisfy
(5.12). We refer to such a dataset as hierarchical in (5.12).

n/v

Theorem 5.7. Consider a dataset X = U, Ci of n/v clusters of size v = O(log(n)) that
is hierarchical in (5.12). Then ANNEasy learns the correct nearest neighbor graph of X with

probability at least 1 —  in
O (n log(n)P> (5.14)

n/v

queries where A2 = L 5/ > ixee, log(n?/(84;))A; 7 is the average number of
samples distances between points in the same cluster.

Expression (5.14) matches known lower bounds of O(nlog(n)) on the sample
complexity for learning the nearest neighbor graph from noiseless samples ( ,
), the additional penalty of A=2 is due to the effect of noise in the samples. In
Appendix 5.C, we state the sample complexity in the average case, as opposed to
the high probability statements above. The analog of the cluster condition (5.12)
there does not involve constants and is solely in terms of pairwise distances (c.f.
(5.33)).

5.5 Experiments

Here we evaluate the performance of ANNTri on simulated and real data. To con-
struct the tightest possible confidence bounds for SETri, we use the law of the
iterated logarithm as in ( ) with parameters € = 0.7 and
4 = 0.1. Our analysis bounds the number of queries made to the oracle. We visual-
ize the performance by tracking the empirical error rate with the number of queries

made per point. For a given point x;, we say that a method makes an error at the t*"

sample if it fails to return x;- as the nearest neighbor, that is, x;- # arg min; dfi, jl.
Throughout, we will compare ANNTri against random sampling. Additionally, to
highlight the effect of the triangle inequality, we will compare our method against

the same active procedure, but ignoring triangle inequality bounds (referred to as
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Figure 5.2: Comparison of ANNTri to ANN and Random for 10 clusters of 10 points
separated by 10% of their diameter with o = 0.1. ANNTri identifies clusters of
nearby points more easily.

ANN in plots). All baselines may reuse samples via symmetry as well. We plot all
curves with 95% confidence regions shaded.

5.5.1 Simulated Experiments

We test the effectiveness of our method, we generate an embedding of 10 clusters
of 10 points spread around a circle such that each cluster is separated by at least
10% of its diameter in R? as in shown in Fig. 5.2a. We consider Gaussian noise with
o = 0.1. In Fig. 5.2b, we present average error rates of ANNTri, ANN, and Random
plotted on a log scale. ANNTri quickly learns x;- and has lower error with 0 samples
due to initial elimination by the triangle inequality. The error curves are averaged

over 4000 repetitions. All rounds were capped at 10° samples for efficiency.

5.5.1.1 Comparison to triangulation

An alternative way a practitioner may use to obtain the nearest neighbor graph
might be to estimate distances with respect to a few anchor points and then tri-
angulate to learn the rest. ( ) provide a comprehensive exam-
ple, and we summarize in Appendix 5.A.2 for completeness. The triangulation
method is naive for two reasons. First, it requires much stronger modeling assump-
tions than ANNTri— namely that the metric is Euclidean and the points are in a

low-dimensional of known dimension. Forcing Euclidean structure can lead to



143

unpredictable errors if the underlying metric might not be Euclidean, such as in
data from human judgments. Second, this procedure may be more noise sensitive
because it estimates squared distances. In the example in Section 5.A.2, this leads
to the additive noise being sub-exponential rather than subGaussian. In Fig. 5.2¢,
we show that even in a favorable setting where distances are truly sampled from a
low-dimensional Euclidean embedding and pairwise distances between anchors
are known exactly, triangulation still performs poorly compared to ANNTri. We
consider the same 2-dimensional embedding of points as in Fig. 5.2a for a noise
variance of 0 = 1 and compare the ANNTri and triangulation for different numbers

of samples.

5.5.2 Human judgment experiments
5.5.2.1 Setup

Here we consider the problem of learning from human judgments. For this experi-
ment, we used a set X of 85 images of shoes drawn from the UT Zappos50k dataset

( , ) and seek to learn which shoes are most visually
similar. To do this, we consider queries of the form “between 1i, j, and k, which
two are most similar?”. We show example queries in Figs. 5.A.2a and 5.A.2b in
the Appendix. Each query maps to a pair of triplet judgments of the form “is j or
k more similar to i?”. For instance, if i and j are chosen, then we may imply the
judgments “iis more similar to j than to k” and “j is more similar to i than to k”. We
therefore construct these queries from a set of triplets collected from participants
on Mechanical Turk by ( ). The set contains multiple samples of all
85 (824) unique triples so that the probability of any triplet response can be estimated.
We expect that i* is most commonly selected as being more similar to i than any
third point k. We take distance to correspond to the fraction of times that two
images 1, j are judged as being more similar to each other than a different pair in
a triplet query (i,j,k). Let E{,k be the event that the pair i, k are chosen as most
similar amongst i, j, and k. Accordingly, we define the ‘distance” between images i



144

1.0 B ANNTri

Il STE

0.8
067052 N

0.4

Error rate

0.27 —— ANNTTi

0.0 L STE
: ; : 0.0
10! 103 105 8.5k 85k 850k
Samples per point Triplets
(a) Sample complexity gains (b) Comparison to STE

Figure 5.3: Performance of ANNTri on the Zappos dataset. ANNTri achieves superior
performance over STE in identifying nearest neighbors and has 5 — 10x gains in
sample efficiency over random.

and j as
di; = arg min Erc-unitaoviin Ellgg [K]

where k is drawn uniformly from the remaining 83 images in X\{i, j}. For a fixed

value of k,
E[l; kIk] = ]P’(E{k) = P(“i more similar to j than to k”)P(“j more similar to i than to k”).

where the probabilities are the empirical probabilities of the associated triplets in
the dataset. This distance is a quasi-metric on our dataset as it does not always
satisfy the triangle inequality; but satisfies it with a multiplicative constant: d;; <
1.47(dix + dj ) Vi,j, k. Relaxing metrics to quasi-metrics has a rich history in the
classical nearest neighbors literature Houle and Nett (2015); Tschopp et al. (2011);
Goyal et al. (2008), and ANNTri can be trivially modified to handle quasi-metrics.
However, we empirically note that < 1% of the distances violate the ordinary

triangle inequality here so we ignore this point in our evaluation.
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5.5.2.2 Results

When ANNTri or any baseline queries Q(i,j) from the oracle, we randomly sample
a third point k € X\{i,j} and flip a coin with probability ]P(E{k). The resulting
sample is an unbiased estimate of the distance between i and j. In Fig. 5.3a, we
compare the error rate averaged over 1000 trials of ANNTri compared to Random and
STE. We also plot associated gains in sample complexity by ANNTri. In particular,
we see gains of 5 — 10x over random sampling, and gains up to 16x relative to
ordinal embedding. ANNTri also shows 2x gains over ANN in sample complexity (see
Fig. 5.A.3 in Appendix).

Additionally, a standard way of learning from triplet data is to perform ordinal
embedding. With a learned embedding, the nearest neighbor graph may easily be
computed. In Fig. 5.3b, we compare ANNTri against the state of the art STE algorithm

( ) for estimating Euclidean embeddings from
triplets, and select the embedding dimension of d = 16 via cross validation. To
normalize the number of samples, we first perform ANNTri with a given max budget
of samples and record the total number needed. Then we select a random set of
triplets of the same size and learn an embedding in R'® via STE. We compare both
methods on the fraction of nearest neighbors predicted correctly. On the x axis,
we show the total number of triplets given to each method. For small dataset
sizes, there is little difference, however, for larger dataset sizes, ANNTri significantly
outperforms STE. Given that ANNTri is active, it is reasonable to wonder if STE
would perform better with an actively sampled dataset, such as ( p )-
Many of these methods are computationally intensive and lack empirical support
( , ), but we can embed using the full set of triplets to mitigate the
effect of the subsampling procedure. Doing so, STE achieves 52% error, within the
confidence bounds of the largest subsample shown in Fig. 5.3b. In particular, more
data and more carefully selected datasets, may not correct for the bias induced by

forcing Euclidean structure.
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5.6 Conclusion

In this chapter, we solve the nearest neighbor graph problem by adaptively querying
distances. Our method makes no assumptions beyond standard metric properties
and is empirically shown to achieve sample complexity gains over passive sampling.
In the case of clustered data, we show provable gains and achieve optimal rates in

favorable settings.
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APPENDICES

5.A Additional experimental results and details

5.A.1 Differences between ANNTri and ANNEasy
5.A.1.1 Pseudocode for ANNEasy and SEEasy

We begin by providing pseudocode for both ANNEasy and SEEasy as described in
Section 5.4.1 in Algorithms 3 and 4.

5.A.1.2 Empirical differences in performance for ANNTri and ANNEasy

In Figure 5.A.1 we compare the empirical performance of ANNTri and ANNEasy. We
compare their performance in the same setting as Figure 5.2a with 10 clusters of 10
points separated by their at least 10% of their diameter. The curves are averaged over
4000 independent trials and plotted with 95% confidence regions. As is indicated
in the plot, ANNEasy has similar behavior as ANNTri, but achieves slightly worse

performance.

5.A.2 Triangulation

In this section, we provide a brief review of triangulation to estimate Euclidean
embeddings, similar to the presentation in ( , ). The method

is summarized as follows. Let X be a set of n points in Euclidean d space and

Algorithm 3 ANNEasy

Require: n, procedure SEEasy, 4, confidence
1: Initialize d, T as n x n matrices of zeros, U as n x n matrix where each entry is
0o, L as n x n matrix where each entry is —co, NN as a length n array
forj=1tondo
NNJj] = SEEasy(j,d, U, L, T,& = 5/n)
end for
return The nearest neighbor graph adjacency list NN
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Algorithm 4 SEEasy

Require: index j, callable oracle Q(-, -) (5.1), 4 n x n matrices: d, U, L, T, confidence

1:

@

10:
11:

g
Initialize the active set A; < {a##j : Lla, k] < 2U[j, k] Vk and L[a,j] <
min; U[j, k]}
while |A;| > 1 do
for all [ doonly query points with fewest samples]i € A; such that T[i,j] =
mingeq; T, K
Update d[i,j], dfj,i] < (dfi,j]- Tl j] + Q(1,3)) /(TR ] + 1)
Update T[i,jl, T[j,i] < T[i,jl +1
Update U, jl, U[j, il < dfi,jl + Cg(TI[,j])
Update L[i,j], L[j, 1] « dli,j] — Ce(TH, i)
end for
Update A; < {a#j : Lla, k] < 2U[j, k] Vk and L[a,j] < miny U[a, k]}
end while
return The index i for which x; € A;

1.01 — ANNEasy

0.81 —— ANNTri

Error rate
o ©
> o

o o
o N

101 103 10°
Samples

Figure 5.A.1: Comparison of error in identifying x;- ANNTri and the ANNEasy for 10
clusters of 10 points separated by 10% of their diameter with o = 0.1.

D be the associated Euclidean distance matrix where each entry is the square of

the associated Euclidean distance. Let A be a set of anchor points. Without loss

of generality, we take A := {xy,---,Xxqa42). The 42 is to correct for the fact that
Euclidean distance matrices have rank d +2. Let A:=D[1:d+2,1:d + 2] and



149

Click on the two most similar shoes Click on the two most similar shoes

(b) A harder query

(a) An easy query

Figure 5.A.2: Two example zappos queries.

L:=DI[1:d+2,1:n]. Then it can easily be verified that D = LA'LT. To learn the
entries in L (as well as A), sample the distance from each of the n points to the d +2
anchors as many times as there is budget for and square the results. The empirical
mean is a plugin estimator of the associatec/i\ entrzf in }_Az%nd A, and we take L and A
to be their unbiased estimates. Therefore D := LA L is an unbiased estimate of

D. With D, the nearest neighbor graph can easily be computed.

5.A.3 Additional experimental results for Zappos dataset

In Fig. 5.A.2 we show two example queries of the form “which pair are most similar
of these three?”. Some queries are more straightforward whereas some are more
subjective.

Additionally, in Fig. 5.A.3, we show the performance of ANNTri, ANN, and Random
in identifying nearest neighbors from the Zappos data. In this setting, there is
less of an advantage to using the triangle inequality due to the highly noisy and
subjective nature of human judgments. Despite this, we still see a slight advantage
to ANNTri over ANN. In particular, for moderate accuracy, there is a gain sample
complexity of around 2x.
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Figure 5.A.3: Error rates for nearest neighbor identification on Zappos Data

5.B Proofs and technical lemmas

5.B.1 Proof of Lemma 5.1

By symmetry for all i < j, we have existing samples of Q(i,j) and Q(i, k) and we use
bounds based on these samples as well as past triangle inequality upper bounds
on d;; and d;x due to i; < iand i, < irespectively. The upper bound is derived as

follows:
djx < dij + dix < min{Uy; (t),UiA,jil (1)} + min{ui,k(t)/ufliz (1)} = Uﬁi

Since we may form bounds based on all i < j for which we have both samples
of Q(i,j) and Q(i, k), we may optimize over i to get the tightest possible triangle
inequality bounds on d; .

Lower bounds are derived similarly. Again, intuitively, we may use past samples
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of both Q(i,j) and Q(i, k) and associated bounds to derive a lower bound on d; .
The form is slightly more complicated here since we have to worry about both upper
and lower bounds on d;; and d; x. These bounds may either be from concentration
bounds based on past samples directly or past triangle inequality upper and lower
bounds on these distances due to points i; — i < i.

djx >[di; — dixl
=max{dy;, dix} —min{di;, dix}
> (max{max{Ly; (t), L (t)}, max{Lq(t), L2 (t)})

— min{min{Uy (t), Ug;® (1))}, min{Us (1), Up* (4)))+

—(max{L;(t), L5 (1), Lux(t), L2 (1))

r i
A A

— min{U;(t), Ug;° (1), Usi(t), Uy (8)) 4
where (s) := max{s, 0} and 1, i, i3, 4 < 1, (not necessarily unique) are chosen to
optimize the bound. Similar to the upper bound, this holds with respect to any i < j
and we optimize over i. To ease presentation, let UB'[{,j] := min{U; ;, min;; Uﬁ‘}
and LB'[i,j] := max{L;;, max;; Lﬁ-‘} be the tightest upper and lower bounds for
d; ;. For the lower bound, note that if the argument of (-), is negative, then any

s € [max{LB'[i,j], LB'[i, k]}, min{UB'[i, j], UB[i, kI}]
= [LB'[i,j], UB'[i,jll N [LB'[i, k], UB'[i, k] # 0

can be the value of both d;; and d;x as it lies in both their confidence intervals.
Then points x;, xi can possibly be at the same location in the metric space, in which
case d; = 0. On the other hand if the RHS is positive, then x; and x; cannot be at
the same location as d;; # d;x. In fact, the smallest possible value for d; occurs
if x4, xj, x are collinear. This can be seen to be true from Figure 5.B.1. We finish
with a quick lemma noting what can and cannot be eliminated via the triangle
inequality.

Lemma 5.8. Conditioned on the good event that all bounds are correct at all times, the
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Figure 5.B.1: Pictorial justification for the lower bound in (5.6). True positions of
points 1,j, k are shown along with the upper and lower bounds for d;;, d; x that
are known to the algorithm. If the angle 8 between 1j and 1k is known, the blue
segment shows the lowest possible value for d; x based on the bounds. The orange
segment is the value in the RHS of (5.6). Without any information about 6, the
three points could be collinear, in which case d; could equal the length of the
orange segment.

triangle inequality cannot be used to to separate the two closest points to any given third
point.

Proof. Consider finding x;-. Let dii+ < di; < dixVk # i*,j. By the triangle
inequality, di ;- < di; + d; i+ Clearly, the RHS is no smaller than d; ;. Since we are
conditioning on all bounds being correct at all times, no upper bound on d; ;- from
the triangle inequality can ever be smaller that d;;. Rearranging the inequality,
we see that d; i+ — dj i+ < dy;. The LHS is no larger than d;;-, and d; ;- is the only
distance wrt x; that is smaller than d;; by assumption. Therefore, no lower bound

on d;; due to the triangle inequality is greater than d; ;- < d;. O
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5.B.2 Helper Lemmas

Lemma 5.9. Let t € N index the rounds of the procedure SETr4 in finding x;-. Suppose
all confidence intervals are valid, i.e., (5.3) is true. Then Vj # iand all t,

Lij(t) > di; —2Cs/m(Ti;(t)) and Ug;(t) < dij +2Cs/m(Ti;(t)). (5.15)
Proof. 1f the good event (5.3) is true then for any pair (i,j) and time t we have
dij(t) < dij+Cs/m(Tii(t) = Uy;(t) := dij(t)+Cs/m(Tii(t) < dij+2Cs,/n (T (1))

A similar calculation can be done for L; ;(t) as well. H

Lemma 5.10. Let j > i, and let t; be the time when x; is last sampled in the i*™ round and
equivalently for t\.. Assume without loss of generality that d;; < dix. If di; and di are
such that

4Cs/m(Tij(ty)) +2Cs m(Tik(te)) < dix —2dy; (5.16)

then SETri can eliminate d; without sampling it, i.e., x,c & A;(0).
Proof. Focusing on the number of Q(i,j) queries, we have that
2U5(t5) = 2(dij(t;) + Co/n(Tij(t;))) < 2(dij +2Cs/m(Tu;(t))), (5.17)
the inequality in (5.17) is due to Lemma 5.9, and using the number of Q(i, k) queries,
Lix(ti) = dix(ti) — Cs/m(Tix(ti)) = dix — 2Cs/m(Tur(ti)). (5.18)

The first inequality in (5.18) is because if k < j then there may have been more
Q(k,1) queries beyond the ty number of Q(i, k) queries made while finding x;-.
Rearranging the equation in the Lemma statement,

2di; +4Cs/n(Ti;(t5)) < dix —2Cs/m(Tix(ty)),
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which implies that 2U;; < Lix from (5.17), (56.18). Hence from Lemma 5.3 xy. ¢
A;(0). [

Lemma 5.11. There exists a dataset P containing 2v points such that for all x, € P and
oc > 0 the set of suboptimality gaps Ay is

{1—(i:i)a:se{l,z...,v—l}}. (5.19)

Proof. Note that there are v — 1 values given in (5.19) while there are 2v — 2 points

in the cluster, excluding x,, and x,-. Each value in (5.19) is the suboptimality gap
for two distinct points in P \ {x,, x,+}. We can construct such a dataset P in the
following manner.

We index these points as p,pi1, P2, .., P2v—1. Suppose the pairwise distance
values are such that

dpp, > dpp, > >dpp, , >dpp, =t dpp,and dpyp,,, <dpp,, < - <dpp, ,
such that

Vse{l,2,...,v—1}wehavethatd,,, . =dpp,.. = dpp, =dpp,,
(5.20)

We can then construct a 2v x 2v distance matrix D in the following manner. The
first row of D is

D0, ] := [O dpp, dpp, -+ dpp,y dpps dppy o dppo, dppo |-

The ith row of D is obtained by carrying out i circular shifts on the initial row DI0, :]

shown above. Thus D is a circulant matrix and we can see D[i,j] and DJj, i] to be as
follows.

dpp. . iftj >1i dpp. .

Dijl=¢ """ 717" and DEy={ T )

dppyy oy 1<, dppyy o 1<

ifi>j
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Then using (5.20) we have that D[i, j| = DJj, i] for all i # j and the diagonal entries
are all 0. Thus D is symmetric. In addition, the distance values of the points to
any point in the cluster take the same set of values. Suppose d,, ,+ =1 > 0 and
dpp, = 2r. Choose an o« > 0 and let

—1\*%
dp,mvi:dp,pi::r(z—(s )),VSE{l,Z,...,V—l}.

v—1

Then D[i,j] < D[, k| + D[k, j] for any three distinct 1, j, k as the sum of any two
elements is greater than 2r, which is the largest element in D. Thus the distance
values in D satisfy the triangle inequality, and D is a valid distance matrix. The
suboptimality gaps for any point in the cluster is A, ,, = dpp, — dppe = (1 —
((i=1)/(v—1))*), choosing r = 1 finishes the required construction. O]

5.B.3 Proof of Theorem 5.2

Proof. ANNTri makes an error in finding the nearest neighbor for some point with
probability P(SETr1i is wrong for some x;,j € {1,2,...,n}). We show that probabil-
ity is at most n& = 8, where the confidence level § for each execution of SETri is
set to be §/n. We use induction on s € N to obtain that

P(V] € {1/ 2/ ey S}/ k 7£ j/ max{l—j,k(t)/ Lfk(t)} < dj,k < mln{u],k(t)/ ufk(t)}) 2 1_55,
(5.21)
Consider the base case, i.e., point x;. From the initialization of ANNTri 1,

min{Uy (1), U7 (£)} = Uy (t), min{Lyx (1), LT (1)} = Ly (t)

for all k # 1. Using (5.3) we have L; y (t) < dix < Uy (t) with probability 1 —&/n,
and since & is §/n the base case is true. Assume the hypothesis (5.21) is true for

some s. We show that it is true for s 4+ 1 as well. We can bound the error event as
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follows.

P(F e{l,..., s+ 1}k #j: dju ¢ Imax{L(t), L) (t)}, min{U; (1), U, (1))
(5.22)
=P(FH e{l,...,shk#j: djx & max{Lj(t), L} (1)}, min{U; i (t), U (D))

+ IP)({k 7é s+1: ds+1,k ¢ [maX{LS+1,k(t)/ L5A+1,k(t)}/ min{us+1,k(t)r u?+1,k(t)}]}
N {V] € {1, 2, ceey S},k # j,max{Lj,k(t), I_]A,k(t)} < dj,k < mlﬂ{quk(t),u)A,k(t)}})

From (5.21) the first summand in the RHS of (5.22) is at most s&. In the event
corresponding to the second term, all the bounds used by SETri for d;y,j < s,k #j
are correct. Since US 1. and LS 1. are both deterministically obtained (see (5.7),

(5.8)) from them, they are correct as well. Thus

min{Us 1,k (t), Ug,; , (£)))

]P(maX{LsH,k(t)/LSAH,k(t)} <dsyx <
))=21-&

=P(Ls11x(t) < dsi1x < Ugppi(t

)

Hence the second summand in the RHS of (5.22) is at most &. This proves (5.21) for
s + 1 and completes the induction.

Thus with probability 1 —né& =1 — 3, the bounds obtained by SETri for finding
Xj+,j € {1,...,n} are all correct. We show that ANNTri correctly finds all near-
est neighbors if the bounds are correct. For if not, suppose SETri returns the
wrong nearest neighbor of x; which happens only if x;- is not the last point in
the active set. x;+ ¢ A because some other point xx € A eliminates it. Then
dj i < min{U;, U.f ) < max{L; -, L } < dj;+, which contradicts the fact that j* is
the nearest neighbor. O

5.B.4 Proof of Lemma 5.4

Proof. Consider a point x;,1 < j which satisfies the first part of (5.10). If x; € A;(0)
and xyx € A;(0), then neither x; and x were eliminated without sampling when
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SEEasyi was called for x; and hence T;; > 1 and Ty x > 1. Then we have that
4Cs/m(Tij(t5)) +2Cs/m(Tik(t)) < 6Cs/m(1) < dix —2di

and xi ¢ A;(0) by Lemma 5.10. The second part of (5.10) ensures that {x;, x«} C
Ai(0) as shown next. The points eliminated from being the nearest neighbor of
x; using triangle inequality are Ai(O)E = Um<ifl : 2Usn i < Ly e). If the bounds
obtained by SEEasy for all m < i are correct,

{€:2Up; < Line} C{0:2dmi < dmel = Ai(0)° C Upeifl: 2dini < dinel:

Hence if the second condition of (5.10) is satisfied, then {j, k} C A;(0) and we are
done. O

5.B.5 Proof of Theorem 5.5

Proof. Let x; be the point on which SEEasy is called. Consider the case j < k. If
Lia;,) = 0 then xy ¢ A;(0) and no Q(j, k) queries are made. Otherwise, xy can be in
the active set and from (5.4) at most H; x samples of d; are taken. Now consider
the case k < j. Samples of d;x are only queried if x € A;(0). If x; ¢ Ax(0), ie.,
x; was eliminated when SEEasy was called for xy then no Q(k, j) queries made at
that round. Again from (5.4) at most H; x samples of d; x are taken by SEEasy while
finding x;-. If however 1[4, ;) = 1, then Q(k,j) queries were made while finding x;-
and let the number of those samples be #Q(k, j). Because of the sampling procedure
of SEEasy, at most (H;x —#Q(k,j))+ queries are made for d; . The total number of
Q(j, k) and Q(k,j) queries is max{H; «,#Q(k,j)}, and since #Q(k,j) < Hy;, we get
the result. O

5.B.6 Details for Section 5.4.3

In this section, we consider a case where ANNTri achieves complexity that scales like

O(n!?) as well as O(nlog(n)), the known optimal rate for the all nearest neighbors
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problem for noiseless data. To do this, we first prove a lemma about the complexity
of learning with clustered data. In particular, we show that if the data comes from
two well separated clusters, then the complexity of learning the nearest neighbor
graph can be bounded as the complexity of learning the nearest neighbors of two
points looking at the full dataset and the complexity of learning the remaining
nearest neighbors graphs on each of the clusters.

Lemma 5.12. Consider X = C; U €, where C1 and C, both satisfy 5.12 for all i,j. Then
ANNEasy learns the nearest neighbor graph of X with probability at least 1 — & in at most

O (IC1] + 1Ca| + He, + He,) (5.23)

samples independent of the order in which it finds nearest neighbors where He, denotes the

complexity of learning the nearest neighbor graph of cluster C; as bounded by 5.13.

The above lemma implies that for the first point explored in each cluster, it is
necessary to look at all other points in the dataset, but for all other points, it is only

necessary to search within that point’s respective cluster.

Proof. Choose a random order of points and fix it. Without loss of generality,
we assume that x; € Cj.Let j, be the first point visited in C,. Throughout, we
will ignore reused samples since they only contribute at most a factor of 2 to the
sample complexity as can be seen by Theorems 5.5 and 5.13 and we seek an upper
bound. Via standard analysis for successive elimination, x;- can be be found in
O (X, Hi) = 1€l +0 <Z].E@1\{xl} Hl,j) samples with probability at least 1 — §/n.
Foralli=2,---,j,—1,

Ai(0)¢ D{A1(0) N{k: dix = 6dij; —3di1-1} D {X\{x1} N Cr} = C,

which implies that x;- € €;. For x;, we may trivially say that A;,(0)¢ D {j2} so x;j; can
be learned in O (3,4, Hij) =€+ 0 <Zj€@2\{xj2} sz,]-> samples with probability
at least 1 — §/n. We conclude by showing that for all remaining x;, if x; € C;, then
Ai(0) C Gy and if x; € €y, then A;(0) C C,. Consider the case that x; € C;. Suppose
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that Ix; € A;(0) N Cp. Then 2U,; > Ly;.
Ui, = al,i + Co/n(Ti) < dii +2Cs/m(Tii) = dii +2Cs/m (1)
where the first inequality holds by 5.9. Similarly,
Lij =di; — Cs/n(Ti;) = dij —2Cs/n(T;) = dij —2Cs/m(1)

Then 2(di; + 2Cs/n(1)) = 2Uy; > Lij > dij —2Cs/m(l) = diy < 2di; +
6Cs/m(1) = j € C; which is a contradiction. A similar proof holds for x; € C,. It
remains to argue that j, can be any number between 2 (by assumption that x; € C;)
and |¢| 4+ 1 without affecting the bound on the complexity. By the assumption that
C; and C; satisfy 5.12, out of cluster points can be eliminated in a single sample.
Therefore, for any j», Zleel Hj, 1 = [€]. Then we have that the total complexity is
O (1G] + |G| + He, + He,) Vja. Since we have considered general orders of finding
each nearest neighbor, we are done. O

5.B.6.1 Proof of Theorem 5.6

Proof. By assumption, the dataset X = U{_,C; with each cluster satisfies Equa-
tion 5.12. Therefore, for all m, X = €y, U (UjxmCi). By applying Lemma 5.12,
iteratively, we bound the complexity in terms of the the complexity of learning
the nearest neighbor graph of C,,, the complexity of learning the nearest neighbor
graph of Uj+C;, and an additive penalty of n which accounts for the samples
taken between the two. Since X is a union of c clusters, this process may repeat c
times. Therefore the total complexity can be bounded as

0 (cn+ Z > Hj,k>

i=1j,kee;
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Taking ¢ = y/n, we see that the above sum is O (n”P) where

is the average number of times intra-cluster distances are sampled. By contrast, the
complexity for random sampling is O(n?A_2 ) where A}

min min

:= min; . Hj k. Compar-
ing the two, we see that the latter is larger by at least a factor of O(y/n). O

5.B.6.2 Proof of Lemma 5.7

Next we use Lemma 5.12 to show that for datasets such that the clusters nest, we
can achieve complexity scaling in O(n log(n)P). In particular, we will recursively
apply Lemma 5.12 to show that clusters can be broken into subclusters and initial
active sets shrink in diadic splits.

Proof. Before we prove the theorem, we begin by introducing some notation to
make this proof concise. Recall that we have assumed that X can be written as a
hierarchy of clusters and sub clusters that form a balanced tree. We will denote
the root of the tree with the full dataset as the 0'" level and each split in that level
with be indexed by i =1,--- ,2" where { =0, - - ,log(n/v) — 1 denotes the level.
For notational ease, we take Cy; = X. €, ; denotes the i'" cluster at the {'" level of
the tree which may be split into subclusters if { < log(n/v) — 1. The idea will be
to traverse the tree and split clusters into subclusters while keeping track of the
number of between cluster samples that were be necessary due to the bound in
Lemma 5.12. We let H¢,, denote complexity of learning the nearest neighbor graph
of Cy ;.

Randomize the order and fix it. We will proceed by recursively applying
Lemma 5.12 to bound the complexity of learning the full nearest neighbor graph
of a cluster in terms of learning it for each subcluster plus an additive penalty. By
Lemma 5.12 the complexity of finding the nearest neighbor graph of X can be upper



161

bounded as
0 (|61,1’ + [Crol + He,, + f}fel,z) =0 (n + He,, + 9{61,2) .

We may again apply Lemma 5.12 to €;; and C;,. to bound their complexities as
O (3 + He,, + He,,) and O (3 + He,, + He,, ) respectively where C;; = Co1 U €y
and €y, = Cy3 U Cy4. Therefore, similar to the above level, the total additive penalty
for samples between clusters is n for the level. We may continue this process of
splitting and paying the penalty of n/2¢ x 2 between cluster samples down to the
bottom level { = log(n/v) with clusters of size v.

Therefore, we may write the complexity as

<nlog( )+E 3 Hj,k>. (5.24)

i=1j, kGGl%’ (n/v)i

Ignoring logarithmic factors, each complexity term H; is of the order O(Aj_f).

Therefore the entire summation is of the order

0 (nlog () +nva?)

where A2 := L 5" /Y > i xee, log(n?/(84;))A;  is the average complexity. Re-
calling that v = O(log(n)), we are done. O

5.B.7 Sample complexity without using triangle inequality

Theorem 5.13. With probability 1 — 8, the number of oracle queries made by ANNTr< and
ANNEasy if all triangle bounds are ignored is at most

(Zm {log Zg@»)/ 1og(nZ2(§Aj,m }) | (5.25)
ij )t

i<j

In the experiments, the process of using ANNTri and ignoring triangle inequality
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bounds is referred to as ANN.

Proof. In the case that triange bounds are ignored, ANNTri and ANNEasy are the
same. Consider the i'" round where we seek to identify x;- with probability 1—§/n.
ANNTri has found x;- for all £ < i, in particular, it has evaluated am, Ui, Lei. For
every x; # Xi+,X; € A;(0), we can bound the number of Q(i,j) queries in the
following manner. Suppose j > i and i* > 1, so that at the beginning of the i*"
round we have that T;; = T ;- = 0. From (5.3), with probability 1 — 5/n, x;- is the
last point in the active set. The point x; is eliminated from the active set at time t; if
the following is true.
(@) (b)
Ui+ (t5) < diie +2Cs/m(Tix (1)) < dij —2Cs,/m(Ti(t5)) < Lij(ty),
— 4Cs/n () < dij — dii- = Ay (5.26)

Inequalities (a), (b) are due to Lemma 5.9, and the fact that if j is eliminated at time
tj, then Ty ;(t;) = t;. From the property of the Cs,,(-) function, (5.26) is ensured
when the number of samples of d; ; is

log(n2/(54,/4))
b < [K (Bsy /3 1 |

We now consider the cases when at least one of i*,j are less than i.
i* > 1,j < i: In this case, at the beginning of the i'" round T;; is equal to the

number of Q(j, 1) queries made (denoted as #Q(j, 1)) while finding x;-:

#Q(, 1) < [Kl"g“‘z/ 04/ 4”} .

(A;,:/4)?

If #Q(j, 1) > t;, then no further Q(i,j) queries are made in the i*" round, as argued
next. Because the sampling procedure of SETri queries all points who have the

minimum number of samples at current time, if a query Q(i,j) is made at time t +1,
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that implies T; ;- (t) = #Q(j, 1). But then j is not in the active set at time t as
UH* (#Q(],l)) < ui,i* (tj) < di,j — 2C5/n(tj) < di,j — 2C5/n(#Q(J,l)) = Li,j (#Q(],l))

and hence Q(i,j) is not made. If #Q(j, 1) < t;, then x; is eliminated when t; —#Q(j, 1)
more samples of d;; have been queried. Thus the total number of samples of d;; is
at most max{t;, #Q(j, 1)}.

The other two cases of 1) i* < 1,j > i, and 2) i* < 1,j < i can be handled
similarly. O

5.C Average case performance of ANNEasy

We can obtain a different expression for the number of oracle queries if all the
random quantities during a run of the algorithm take their expected values. In

particular, Lemma 5.4 can be relaxed to the following.

Lemma 5.14. If all bounds obtained by SEEasy are correct and all the random quantities
take their expected values, then for some i < j such that x; # x;- # Xy if we have that

dix >6di; —3dii+, and {j,k}N (Un<ifl:2dmi < dme}) =0, (5.27)

then 2U; ; < Li ) and hence x,. ¢ A;(0).

Proof. In the good event, the point x;- is the last element in the active set A; and
points x;, xi have been eliminated from A; at some prior times t;, t respectively.
Both t; > 0 and tx > 0 as {xj,x«} C A;(0) is ensured by the second part of the
condition, as shown in the proof of Lemma 5.4. At time t;, we have that

mzin ai,e + Cg/n(tj) < mzin UM < Li,j S ai,j — Cg/n(tj). (528)

If all the random quantities take their expected values, then au =di V¢ #iand
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we have that
dii- + Cs/m(ty) < dij — Cs/m(ty) = Cs/nlty) < Ayy/2. (5.29)

Under the assumption, am- = d;,; and using the definition of its upper and lower
confidence bounds, we get that E[L;] > di; — Ai;/2 and E[U;] < dij + Ay;/2.
Similar bounds are true for xx. Then

di - dl i
di,k > 6di,j — 3di,i* — di,k — ,dei,k -
dis —ds
7 di ) i,j i1
>2 (o + 2505 ) =2 a,
which implies that L; x = E[L; ] > 2E[U; ;] = 2U;; and xx ¢ A;(0) [l

If all the random quantities take their expected value, then using Lemma 5.14
and the elimination criterion of ANNEasy (Lemma 5.3), the complement of the initial
active set A;(0) (also called the elimination set) can be characterized in the following

manner.
-Aj(O)E = Uicjjea tAi(0) N{k: 2U;; < Lix}}
O Uigjjena; 0tA(0) N{k : dix > 6di; —3di -1} (5.30)
Replacing the indicator 14 ., j in Theorem 5.5 with an indicator for the non-membership

of point xy in the set (5.30) gives us an upper bound to the sample complexity of
ANNEasy that is valid when all random quantities take their expected values.

To gain an idea of the savings achieved by our algorithm in comparison to the
random sampling, we evaluate the sample complexity expressions for an example
dataset. The dataset we look at consists of ¢ clusters, each cluster containingn/c > 1
points. The points are indexed such that the mth cluster is Cy,, := {Xm, X14m, - - -, X},
where

m:=1+(m—1)n/c (5.31)
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and

m:=mn/c (5.32)

for all m € [c]. Suppose the distances between the points are such that for any pair
{xi,%;} € Cp,, the set of points

{Xk : di,k < 6(11,]' — 3di,i*} - (‘Zm (533)

The above condition is ensured if the smallest distance between two points belong-

ing to different clusters is at least six times the diameter of any cluster.

Lemma 5.15. Consider a dataset which satisfies the condition in (5.33). If all random
quantities take their expected values, ANNEasy uses O(y/n) fewer oracle queries than the

random sampling baseline to learn the nearest neighbor graph.

Proof. In the following we assume that all random quantities take their expected
values. We can find the points that are definitely eliminated using the triangle
inequality when ANNEasy is called using (5.30). The elimination set A, (0) = {x1).
For a point x; € C; ¢ &1, from (5.30), (5.33) we get that

A:(0)% 2 {A:(0) N {k: dix > 6dii —3dia-} 2 {(X\ {xq}) N (‘3?} = G?.

Thus A;(0) C C; for all x; € €;. Point x,, is the first point processed by ANNEasy in
the mth cluster. Suppose there exists a point x; € €, N A, (0)%, we show next that
leads to a contradiction. Since x; ¢ A, (0), thereis a point x; € C withi <j, m’ <
m such that 2Ui, m < L;;. Let Diam(C,,) := maxXy, x,cec,, dex be the diameter of
cluster C,, (similarly for €./) and let D(Cy,/, Crn) := miny,ce,, x.cc,, dex be the
minimum inter-cluster distance. Since the random quantities take their expected
values, we have that

Ui > dim + dim —die 2U; 1 = 3D(Cor, Con) — Diam(Cy),

. di,j - di,i* — Li,j < Dlam(ﬁ’m/) + D(Gn;, Gm) + Dlam(Gm) 4 Dlamz(em/) .
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Using 2U; ., < L;j; with the above inequalities implies that 2.5D(C,,/,,Cy) <
2D (G )+0.5D (€., ), which is a contradiction as from (5.33) we have that D (C,,,/, Gy ) >
max{3D(Cy,+),3D(Cy)}. Thus we have that C,,, N A, (0)¢ = (). For any x; € Cy,j #
m we have that x; € A,,(0) and hence from (5.30),

A;(008 D {AR(0) N{k: dmy > 6dm; — 3dmm-1} 2 €.

Based on the above discussion, we have a lower bound on the number of points
present in the elimination set /;(0)C for any x; € €,,. By choosing the following
values for the indicator in (5.25)

0 ifx; € C \{xmfand xi ¢ Cpy,
]I[Aj,k} =
1 otherwise,

we get the following upper bound to the number of oracle queries, where x+ is the
last point in Cy,.

1

c m—1 m—
O(Z ( Z Hm e + Z Hin i — Z Hue + Z(Hm&_HLm)+

m=1 k>m k<m (=1 =1

+ Z Z max{Hp,q, qup}>> (5.34)

p>m q>p

where m and ™ are defined in (5.31) and are functions of m. The number of terms
in the sum above is O(cn + (n/c)?). A uniform sampling baseline approach would
have O(n?) terms in its sample complexity. Letting ¢ = \/n gives our result. O

The above lemma ensures that we have O(y/n) fewer terms in the sample com-
plexity expression for ANNEasy compared to random sampling if the dataset satisfies
(5.33). We can get a more precise characterization of the savings in query complex-
ity in terms of the A, 4 values. For instance, using a single-parameter model for
the distribution of A, 4 as done in ( ), we can directly use their
Corollary 1 in our context.
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Lemma 5.16. Consider a clustered dataset X = US,_,Cy, whose points satisfy (5.33).
Each cluster contains an even number 2v := n/c of points. For any m € [c] and x; € Cy,
suppose the suboptimality gaps A;x for all xi € €., take one of the following values,
parametrized by an o > O:

1-— (i:11> , where se{1,2,...,v—1}%L (5.35)
Note that there are v — 1 values given in (5.35) while there are 2v — 2 points in the cluster,
excluding x; and x;-. Each value in (5.35) is the suboptimality gap for two distinct points
in Cy. Ignoring log-factors, if « = 1 ANNTr4 finds all nearest neighbors with probability
1— 8 in O(m(v* +n)) calls to the oracle, while uniform sampling requires O(n*v?) calls
for the same guarantee.

Proof. By putting the clusters far from each other, one can see that there exist X =

US, _,Cm whose points satisfy (5.33). Lemma 5.11 shows by explicit construction

that the condition on the suboptimality gaps within each cluster as stated in (5.35)

can also be satisfied. Note that (5.35) is the same parametrization as equation 3 in
(2013).

Consider the points in the mth cluster, i.e., points x,, through x. The elim-
ination set A, (0)° can be the singleton {x,,}, but by Lemma 5.14 for all x, €
Cm \ {xm}, Ap 0)t D> C‘Z?n. Finding x,,- is a best arm identification problem among
points within the cluster C,,,. The last term in (5.34) counts the total number
of oracle queries made by ANNEasy to identify the nearest neighbors of all x,, €
Cm \ {Xm}. Thus the number of oracle queries made by ANNEasy for identifying x-
is at most ), Hy q, while uniform sampling will make nH,, ,» queries, where
p'i=argmingsp- Ay q.

Ignoring log-factors, the sample complexity for finding x,,- for an x,, € C,,, by
ANNEasy is

2v—1 2v—1
O > AL+ > A% :C‘)(Z Apﬁ,ﬁn—zv).
i=1 i=1

Xlgem
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Corollary 1 of ( ) lists the value of that sum for different choices
of o, for e.g., if a = 1 then the sample complexity is O(v? + n —2v). On the other
hand, for finding x,- uniform sampling would make @(nA;i,,), ie., O(n(v—1)?)
queries. By construction of the dataset, finding the nearest neighbor of each point
in X is equally hard. Thus ANNTri would make O(n(v2 +n—2v)) queries while
uniform sampling would take O(n?v?) queries. O

Note that our problem setting is inherently different from the noiseless setting

n
2

noise in our queries, many distances must be repeatedly queried so () samples is
2

where all x;:’s can trivially be learned in (%) samples. Due to the presence of

insufficient.
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6 FINDING ALL €-GOOD ARMS IN STOCHASTIC BANDITS

6.1 Introduction

We propose a new multi-armed bandit problem where the objective is to return all
arms that are e-good relative to the best-arm. Concretely, if the arms have means
Wi, -, Un, With 13 = max;<i<n Hi, then the goal is to return the set {i: p; > 1y — €}
in the additive case, and {i : p; > (1 — €)1} in the multiplicative case. The ALL-€
problem is a novel setting in the bandits literature, adjacent to two other methods
for finding many good arms: Tor-k where the goal is to return the arms with the k
highest means, and threshold bandits where the goal is to identify all arms above a
fixed threshold. Building on a metaphor given by ( ), if Tor-k
is a “contest” and thresholding bandits is an “exam”, aLL-e organically decides
which arms are “above the bar” relative to the highest score. We argue that the
ALL-€ problem formulation is more appropriate in many applications, and we show
that it presents some unique challenges that make its solution distinct from Tor-k
and threshold bandits.

A Natural and Robust Objective. A motivating example is drug discovery,
where pharmacologists want to identify a set of highly-potent drug candidates from
potentially millions of compounds using various in vitro and in silico assays, and only
the selected undergo more expansive testing ( ). Since
performing the assays can be costly, one would like to use an adaptive, sequential
experiment design that requires fewer experiments than a fixed experiment design.
In sequential experiment design, it is important to fix the objective at the beginning
as that choice affects the experimentation process. Both the objectives of finding
the top-k performing drugs, or all drugs above a threshold can result in failure.
In Tor-k, choosing k too small may miss potent compounds, and choosing k too
large may yield many ineffective compounds and require an excessively large
number of experiments. Setting a threshold suffers from the same issues - with
the additional concern that if it is set too high, potentially no drug discoveries are

made. In contrast, the ALL-€ objective of finding all arms whose potency is within
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20% of the best avoids these concerns by giving a robust and natural guarantee: no
significantly suboptimal arms will be returned and but every near-optimal arm will
be discovered.

A second motivating example is selecting crowd-workers for a specialized crowd-
sourcing task, such as labelling images of dogs by breed. In this case, expertise is
required to perform this task with high accuracy, and it is important that the data
collected from workers is accurate since it will be used for downstream applica-
tions such as training neural networks. In order to select crowd-workers to label a
dataset, it is reasonable for practitioners to first ask candidates some test questions
where the true label is known. As an incentive to answer test questions, it may be
necessary to pay per question asked. airr-g, efficiently finds every near-optimal
worker without needing to know how many good workers are available or what

performances they achieve.
We emphasize that unlike Tor-k or thresholding 200 \ T o

1751 T-=s—e - —=+ 690: 0.8u1

10° 10! 102 103 104
Arm

which require some prior knowledge about the dis-  §

tribution of arms to guarantee a good set of returned 125

-

arms, choosing the arms relative to the best is a nat- 1

ural, distribution-free metric for finding good arms.
As an example, we consider the New Yorker Cartoon Figure 6.1: Mean ratings
Caption Contest (NYCCC). Each week, contestants from contests 627, 651, 690
submit thousands of supposedly funny captions for

a cartoon (see Appendix 6.A), which are rated from 1 (unfunny) to 3 (funny) through
a crowdsourcing process. The New Yorker editors select final winners from a set
with the highest average crowd-ratings (typically over 1 million ratings per contest).
The number of truly funny captions varies from week to week, and this makes
setting a choice of k or fixed threshold difficult. In Figure 6.1, we plot the distri-
bution of ratings from 3 different contests. Horizontal lines depict a reasonable
threshold of 0.8 in each and vertical lines show the number of arms that exceed
this threshold. Both of these quantities vary over weeks and these differences can
be stark. In contest 627, only k = 27 arms are within 20% of u;, but k = 748 are
in contest 651. Additionally, a fixed threshold of T = 1.5, admits captions within


https://www.newyorker.com/cartoons/contest
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30% of the best in contest 627, but only those within 15% of the best in contest 651.
These examples show that it would be imprudent, and indeed, incorrect to choose
a value of k or a threshold based on past contests— the far more principled decision
is to optimize for the objective of finding the captions that are within a percentage
of the best every week.

Though the aLL-€ objective is natural and easy to state, it has not been studied
in the literature. As we will show, admitting arms relative to the best makes the
ALL-€ problem inherently more challenging than either Tor-k or thresholding. In
particular, it is not easily possible to adapt Tor-k or thresholding algorithms to
achieve the instance dependent lower bound for ALr-€. In this work, we provide
a careful investigation of the aLL-e problem including theoretical and empirical

guarantees.

6.1.1 Problem Statement and Notation

Fix € > 0 and a failure probability 6 > 0. Let v :={py,- - - , pn} be an instance of n
distributions (or arms) with 1-sub-Gaussian distributions having unknown means
W = -+ = Hn. We now formally define our notions of additive and multiplicative

e-good arms.

Definition 6.1 (additive e-good). For a given € > 0, arm i is additive e-good if w; >
Hp — €.

Definition 6.2 (multiplicative e-good). Fora given € > 0, arm iis multiplicative e-good
fu > (1—e)w.

Additionally, we define the sets
Ge(v):={l:mi 2w —efand Mc(v) :={i: i > (1 — e} (6.1)

to be the sets of additive and multiplicative e-good arms respectively. Where clear,
we take G¢ = G¢(v) and M. = M, (v). Consider an algorithm that at each time
s selects an arm I € [n] based on the history ¥ = o(I;, Xy, - -+, 151, Xs-1), and
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observes a reward X id p1,. The objective of the algorithm is to return G, or M,
using as few total samples as possible.

Definition 6.3. (aLL-€ problem). An algorithm for the aLL-€e problem is 6-PAC if (a) the
algorithm has a finite stopping time T with respect to Iy, (b) at time T it recommends a set
G such that with probability at least 1 — 5, G=G ¢ in the additive case, or G= M. in the

multiplicative case.

Notation: For any arm i € [n], let {1;(t) denote the empirical mean after t
pulls. For all i € [n], define the suboptimality gap A; := p; — p;. Without loss of
generality, we denote k = |G| (resp. k = |[M¢]). Throughout, we will keep track of
the quantity o := minicg, ni — (11 — €) which is the distance from the smallest
additive e-good arm, denoted py, to the threshold pu; — e. Additionally, if G¢ is
non-empty, we consider 3. = min;jcge (11 — €) — Wy, the distance of the largest arm
that is not additive e-good, denoted 4, to the threshold. Equivalently, in the
case of returning multiplicative € arms, we define &, := minienm, i — (1 — €)py,
Be = min;ieme (1 —€)u — Wi, Wy, and py, g to be the smallest differences of arms in
M. and M¢ to (1 — €)u; respectively. For our sample complexity results, we also
consider a relaxed version of the ALL-e problem, where for a user-given slack y > 0,
we allow our algorithm to return G that satisfies Ge C GcC Gey in the additive
case, or M. C GcC M1+ in the multiplicative case. As we will see, this prevents
large or potentially unbounded sample complexities when arms’ means are very

close to or equal p; — €.

6.1.2 Contributions and Summary of Main Results

In this chapter we propose the new problem of finding all e-good arms and give a

precise characterization of its complexity. Our contribution is threefold:
¢ Information-theoretic lower bounds for the aLL-e problem.

e A novel algorithm, (ST)?, that is nearly optimal, is easy to implement, and has
excellent empirical performance on real-world data.
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¢ An instance optimal algorithm, FAREAST.

We now summarize our results in the additive setting (the multiplicative setting is
analogous).

Lower Bound and Algorithms. As a preview of our results, we highlight the
impact of three key quantities that affect the sample complexity: the user provided
€ and the instance dependent quantities «. and B, (see Figure 6.2). In this case,
Theorem 6.4 implies that any 6-PAC algorithm requires an expected number of

samples exceeding

;max{(ul—e—ui)f (ulme—mz}bg (g) (62)

We provide two algorithms, (ST)? and FAREAST

for the aLL-€ problem. Our starting point, (ST)? is

oy
a novel combination of UCB ( ) and _ ' c
LUCB (2012) and is easier & My
. .. = .}B
to implement and has good empirical performance. W e M Pe
Gé
(ST)? is nearly optimal, however in some instances

does not achieve the lower bound. To overcome Arm

this gap, we provide an instance optimal algorithm
Figure 6.2: An example in-

FAREAST which achieves the lower bound, however
stance

suffers from larger constants and is not always better
in practical applications.

To highlight the difficulty of developing optimal algorithms for the arL-e prob-
lem, we quickly discuss a naive elimination approach that uniformly samples all
arms and eliminates arms once they are known to be above or below p; — € and
not the best arm. Intuitively, such an algorithm would keep pulling arms until
W — € is estimated to an accuracy of O(min(o, B¢)) to resolve the arms around the
threshold (see Figure 6.2). An elimination algorithm pays a high cost of exploration
- potentially over pulling arms close to p; compared to the lower bound until a time

when p; — € is estimated sufficiently well. Our algorithm FAREAST provides a novel
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approach to overcome the issues with this approach. However, as we will show in
Section 6.4, in certain instances a dependence on ' (w + Be — pi) 2 is present
in moderate confidence, i.e., it is not multiplied by log(1/6), unlike the lower bound
in equation (6.2) and becomes negligible compared to other terms as & — 0.
Empirical results. We demonstrate the empirical success of (ST)? on a real world
dataset of 9250 captions from the NYCCC. In Fig. 6.4a, we compare (ST)? to other
methods that have been used to run this contest. We show that (ST)? is better able
to detect which arms have means within 10% of the best. The plot demonstrates
the sub-optimality of using existing sampling schemes such as UCB or LUCB with
an incorrect k for the aLL-e problem, providing an additional empirical validation
for the study of this chapter.

6.1.3 Connections to prior Bandit art

Our problem is related to several prior pure-exploration settings in the multi-armed
bandit literature, including Tor-k bandits, and threshold bandits.

Tor-k. In the Tor-k problem, the goal is to identify the set {p, - - -, ux} with
probability greater than 1 — 6 ( ) ( )
(20106); (2012); (2019);

(2017). The aLL-€ problem reduces to the setting of the Tor-k problem with k = |G|
when |G| is known. In particular, lower bounds for the Top-k problem apply to our
setting. A lower bound (with precise logarithmic factors) given in
(2017) s 31 (i —puer1) 2 log((n—k)/8) + X1y 4 (i —tu) 2 log(k/5). In general,
this is smaller than our lower bound in Theorem 6.4 since (W, > W — € > Ury1. A
particular case of this problem is best-arm identification when k = 1.

Approximate versions of the Tor-k problem have also been considered where the
goal is to return a set of arms 8 with |§| = k and such that with probability greater
than1— 9, each i € S satisfies u; > w — € ( );

( ). In the case where k = 1, this is also known as the problem of identi-
tying an (single) e-good arm ( ); ( );
(2012); (2006);
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(2010); (2020); (2019);
(2012); (2013); (2013);

( ) which has received a large amount of interest. If |G| =k,
( ), demonstrate a lower bound of O((ke 2+ "\ . (11 —pi)2) log(1/8))
samples in expectation to find such an arm and ( ) provide an

algorithm that matches this to doubly logarithmic factors, though methods such as
(2012); (2017);

(2017, ) achieve better empirical performance. A particular instance of
interest is when it is known that one arm is at mean €, and the rest are at mean zero.
In this setting, ( ) show a lower bound on the sample
complexity of O(n/e*+ 1/e*log(1/8)) highlighting that the dependence on n only
occurs in moderate confidence, i.e., for a fixed value of 6. They also provide a matching
upper bound that motivates our procedure in FAREAST. Finally

(2020) considers the unverifiable regime where there are potentially many
e-good arms. In such cases, sample-efficient algorithms exist that return an e-good
arm with high probability, but verifying it is e-good requires far more samples.
Extending these ideas to the setting of aLL-€ is a goal of future work.

Threshold Bandits. In the threshold bandit problem, we are given a threshold T
and the goal is to identify the set of arms whose means are greater than the threshold
( ); ( ). If the value of 1; were known, then aLL-€

problem would reduce to a threshold bandit with T = u; — €. A naive sequential
sampling scheme that stops sampling an arm when its upper or lower confidence
bound clears the threshold has sample complexity O(3_:" (1 — 1) 2 log(n/§)). Up
to factors of log(n), this can be shown to be a lower bound for threshold bandits as
well, and as a result is bounded above by the result Theorem 6.4. Hence, aLL-€ is
intrinsically more difficult than threshold bandits. A naive approach to the arr-e
problem is to first identify the index and mean of the best arm using a best-arm
identification algorithm and then utilize it to build an estimate of the threshold
W — €. In general, this two-step procedure is sub-optimal if there are many arms
close to the best-arm in which case identifying the best-arm is both unnecessary and
expends unnecessary samples. In the fixed confidence setting, threshold bandits is
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closely related to that of multiple hypothesis testing, and recent work

(2018) achieves tight upper and lower bounds for this problem including tighter
logarithmic factors similar to those for Topr-k. If p; is known, then the additive aLL-€
problem reduces to the FWER (family-wise error rate) and FWPD (family-wise
probability of detection) setting in ( ). Finally, in the fixed
budget setting, ( ) proposes an optimal anytime method APT

whose sampling strategy we use as a comparison in Section 3.3.

6.2 Lower Bound

Theorem 6.4. (additive and multiplicative lower bounds) Fix 5, € > 0. Consider n arms,
such that the " is distributed according to N(wi,1). Any 8-PAC algorithm for the additive
setting satisfies

Elt] > 2 ) max , lo (_)
; {(Ml—e—ui)z (H1+Cxe—ui)2} & 2.46

and if wy > 0, any 5-PAC algorithm for the multiplicative algorithm satisfies,

Eltl >2 , R 1 — .
. ;max { ((1—e)w — ) (1 + 7= — “i)z} o8 <2'46>

The bounds are different but share a common interpretation. Consider the

additive case. First, every arm must be sampled inversely proportional to its squared
distance to p; — €. In a manner similar to thresholding ( ), even
if 1y — € was known, these number of samples are necessary to decide if an arm’s
mean is above or below that quantity. This leads to the first term in the max{-, -}.
The second term in the max{-, -} states that every arm must be sampled inversely
proportional to its squared distance to p; + x.. Recall that o = px — (3 — €) is the
margin by which arm k is good. Hence, to verify that k € G, it is also necessary to
confirm that all means are below p; + o, as py + e — € > p which would imply
that k is bad. This represents the necessity of estimating the threshold, and leads to
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the second term. For arms in G¢, comparing against p; — € is always more difficult,
but for arms in G, either constraint may be more challenging to ensure. We state
the bound for Gaussian distributions, but the same technique can be used to prove
equivalent results for other distributions. Lastly, we note that it is possible to prove
bounds with tighter logarithmic terms. For an instance where O(n®) arms have
mean 2¢ for ¢ € (0,1), and the remaining have mean 0, Theorem 1 of

( ) suggests that Q(n/e?log(n/8)) samples are necessary, exceeding the
above bounds by a factor of log(n).

6.3 An Optimism Algorithm for arL-¢€

We propose algorithm 5 called (ST)?, (Sample the Threshold, Split the Threshold)
to return a set containing all e-good arms and none worse than (e + y)-good with
probability 1 — §. Intuitively, (ST)? runs UCB and LUCB1 in parallel. At all times,
(ST)? pulls three arms. We pull the arm with the highest upper confidence bound,
similarly to the UCB algorithm, ( ), to refine an estimate of the
threshold using the highest empirical mean (Sample the Threshold). Using the
empirical estimate of the threshold, we pull an arm above it and an arm below it
whose confidence bounds cross it, similar to LUCB1, ( )
(Split the Threshold). Using these bounds, (ST)? forms upper and lower bounds
on the true threshold, i.e. i3 — € (resp. (1 — €)u1) and terminates when it can
declare that all arms are either in G, or G¢. To do so, (ST)? maintains anytime
confidence widths, Cs/ (t) such that for an empirical mean {i;(t) of t samples,
we have P(|UJ;—; IHi(t) — wil > Cs/n(t)) < 8/n. For this work, we take Cs(t) =

\/ Cologlog; @U/8) for 4 constant ¢y It suffices to take ¢, = 4, though tighter bounds
are known and should be used in practice, e.g. ( );

(2016); (2018).
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Algorithm 5 (ST)% Sample the Threshold, Split the Threshold

Require: €,6 >0,y > 0, instance v
1: Pull each arm once, initialize T; < 1, update pi; for eachi € {1,2,...,n}

2: Empirically good arms: G={i: Wi > maxj [j — €}, G=1{i: Hi > (1 — e)max; i}
3: Uy = max; 14j(Tj) + Cs/n(Tj) — e —v and Ly = max; 14j(Tj) — Cs/n(Tj) — €
4: Uy = (1—e—7) (maxj {j(t) + Cs,n(T;)) and Ly = (1 — €) (max; fij(t) — Cg/n (Tj))
5: Known arms: K = {i: [;(T;) + C5/n (Ti) < Ly or fi(Ty) — Co/n(Ti) > Uy}
6: while K # [n] d
7 Pull arm il(t) =argmin, g, Ui(Ty) — Cs/n (Ti), update Ty, 1y,
8: Pull arm i,(t) = arg Max; e\ g Ui(Ti) + Cs/n (Ti), update Ty, i3,
9: Pull arm i*(t) = arg max; ﬁi(T ) + Cs/n(Ti), update Ty, i
10: Update bounds Ly, Uy, sets G, K
11: end while
12: return The set of good arms {i: 1;(T;) — Cs 1 (Ty) > Uy}

6.3.1 Theoretical guarantees

Next we present a pair of theorems on the sample complexity of (ST)?. For clarity,
we omit doubly logarithmic terms and defer such statements to Appendix 6.B.
Below we denote a /A b := min{a, b}.

Theorem 6.5 (Additive Case). Fix e > 0,0 < 6 < 1/2, v < 16 and an instance v such
that max(Ai, le — Ail) < 8 for all i. With probability at least 1 — 6, there is a constant
¢y such that (ST)? returns a set G such that G. C G C G (e-v) in at most the following

number of samples.

1 1 1 1
1 , , N\ —
‘1 og< )Zmax{ (b —e—m)? (g + e — )2 (H1+f5e—ui)2} v?

(6.3)

Given a positive slack v, we are allowed to return an arm that is (e + y)-good.
Thus a confidence width less than Q(y) on any arm is not needed, resulting in
the 1/y? term in Theorem 6.5. In particular this prevents unbounded sample
complexities if there is an arm at the threshold p; — €. For y = 0, the first two

terms inside the max are also present in the lower bound (Theorem 6.4). When «.
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is within a constant factor of 3, the second and third term in the max have the
same order, and the upper bound matches the lower bound up to a log(n) factor.
If B < xe, (6.3) has a different scaling than the lower bound. In such restrictive
settings the upper bound above can be significantly larger than the lower bound.
In the next section, we provide an algorithm that overcomes these issues and is
optimal over all parameter regimes. The multiplicative case has different terms but

follows the same intuition.

Theorem 6.6 (Multiplicative Case). Fix e € (0,1/2], y € [0,min(16/p,1/2)] and
0 < & < 1/2 and an instance v such that w3 > 0 and max(A;, leps — Ail) < 2 for
all i. With probability at least 1 — 8, for a constant ¢, (ST)? returns a set G such that
Me C G C M ¢y with sample complexity:

cqlog | — E max , - / ) A .
<5> i=1 {((1_(5)”1_“1)2 (1 + 1725 — W) (py + B Hi)z} Y23

1—e

6.4 Surprising Complexity of Finding All e-Good

arms

When o and B, are not of the same order, (ST)? is not optimal. In this section we
present an algorithm that is optimal for all parameter regimes. We focus on the
additive case here, and defer the multiplicative case to Appendix 6.F. We first state
an improved sample complexity lower bound for a family of problem instances
that makes explicit the moderate confidence terms.

Theorem 6.7. Fix 6 < 1/16,n > 2/8, and € > 0. Let v be an instance of n arms such
that the i is distributed as N(i, 1), |Gop.| = 1, and B < €/2. Select a permutation
7t: [n] — [n] uniformly from the set of n! permutations, and consider the permuted instance
ni(v). Any algorithm that returns G¢(m(v)) on 7(v) correctly with probability at least
1 — & requires at least the following number of samples in expectation over randomness in v
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and 7 for a universal constant c,.

- 1 1 1
c max , log | ——
[ 2; {(H1—€—Hi)2 (MH—OCe—Hi)Z} g(2-45>

= 1
+c
2; (4 Be — )2

(6.4)

Proof. (Sketch) To give a tight lower bound in the setting where |G,5 | = 1 and
Be < €/2, we break our argument into pieces performing a series of reductions
that link the aLL-e problem to a hypothesis test, and then the hypothesis test to
the problem of identifying the best-arm. We apply the Simulator technique from
( ) to compute precise moderate confidence bounds. Other
works that prove strong lower bounds in moderate confidence include
( ). We extend the Simulator technique via a novel reduction to composite
hypothesis testing in order to connect to aLL-€. In all cases, we consider sample
complexity in expectation with respect to the randomness in the outcomes and a
randomly chosen permutation of the means.

Step 1. Finding an isolated best arm: Consider the problem of finding the best
arm where iy = 3 > 0and py, - - - , iy < —P. This relates to the problem of finding
a 3-good arm when p; is known, studied by ( ). We
use the Simulator technique, ( ), to show that any algorithm
requires Q ()", A;?) samples in expectation. This can be significantly larger than
the asymptotically optimal rate of O(B 21og(1/8)) (which was proven by

( )) for non-asymptotic 9, e.g. & = 0.05.

Step 2. Deciding if Any mean is positive: We then consider a composite hy-
pothesis test on n distributions where the null hypothesis, Hy, is that the mean of
each distribution is less that —3 and the alternate hypothesis, Hj, is that there exists
a single distribution i* with mean 3 and the remainder have mean less than —f3.
Importantly, an algorithm does not need to declare which arm is i*, otherwise the
bound from step 1 applies immediately. Instead, to link this to step 1, we develop a
novel extension of the simulator technique and use this to show that if an algorithm
can solve this composite hypothesis test in fewer than o (} i, A;?) samples, then
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one may design a method to solve the problem in step 1in o (3", A;?) samples
which is a contradiction. Hence any algorithm for this hypothesis test requires
Q (Y, A;?) samples in expectation.

Step 3: Reducing aALL-¢ to Step 2: Finally, we show that a generic algorithm for
ALL-€ can be used to solve the hypothesis test in step 2. Hence the lower bound
from step 2 applies to finding all e-good arms as well. In the case of the instances
considered in the theorem statement, O (Y, A;?) = O (X i (1 + Be — i) 2).
Combining this bound, which is independent of 5 with the result from Theorem 6.4
gives the result. O

Theorem 6.7 states that an additional Q(Y " (1 + Be — i) ) samples are
necessary for instances where no arm is within 2. of u; compared to the lower
bound Theorem 6.4. Somewhat surprisingly, these samples are necessary in moderate
confidence, independent of 6 and negligible as 8 — 0. For non-asymptotic values
of 6, such as the common choice of 6 = .05 in scientific applications, this term
is present and can even dominate the sample complexity when 3. < .. As an
extreme example, if i3 =3 >0, - -+, tn—1 = —B, Un = —¢, the first term in 6.4
scales like ((n—1)/€? +1/B2) log(1/8) but the second term scales like n/3?, which
is O(n) larger than the first term for small 3 and fixed . Furthermore, we point
out that Theorem 6.7 highlights that (ST)? is optimal on these instances up to a
log factor! The algorithm we present next, FAREAST, improves (ST)*s dependence
on § and matches the lower bound in Theorem 6.7 for certain instances. Though
moderate confidence terms can dominate the sample complexity in practice, few

works have focused on understanding their effect.

6.4.1 FAREAST

We focus on the additive case with y = 0 in Algorithm 6.4.1, FAREAST, and defer
the more general case (multiplicative and y > 0) to Algorithm 6.F.1 in the supple-
mentary. FAREAST matches the instance dependent lower bound in Theorem 6.4 as
5 — 0. At a high level, FAREAST (Fast Arm Removal Elimination Algorithm for a
Sampled Threshold) proceeds in rounds r and maintains sets G, and B, of arms
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thus far declared to be good or bad. It sorts unknown arms into either set through
use of a good filter to detect arms in G, and a bad filter to detect arms in G¢.
Good Filter: The good filter is a simple elimination scheme. It maintains an up-
per bound U, and lower bound L; on u; — €. If an arm’s upper bound drops
below L, (line 20), the good filter eliminates that arm, otherwise, if an arm’s lower
bound rises above U, (19), the good filter adds the arm to G r, but only eliminates
this arm if its upper bound falls below the highest lower bound. This ensures
that y; is never eliminated and U, and L; are always valid bounds 1. As the sam-
pling is split across rounds, the good filter always samples the least sampled arm,
breaking ties arbitrarily. The number of samples given to the good filter in each
round is such that both filters receive identically many samples. This prevents the
good filter from over-sampling bad arms and vice versa. In our proof we show
that in an unknown round, (ASr = G, ie all good arms have been found, having
used fewer than O (}_ " max {(—e—pi) 2, (m+xe—p;) 2} log(n/5)) samples,
matching the lower bound.

FAREAST cannot yet terminate, however, as it must also verify that any remaining
arms are in G¢.
Bad Filter: The bad filter removes arms that are not e-good. To show an arm iis in
G¢, it suffices to find any j such that p; — pu; > e. To motivate the idea of lines 9-12,
consider the following procedure in the special case where (3; = p; —e—p; is known.
In each round we first run Median-Elimination, ( ), with failure
probability 1/16, to find an arm 1thatis Bi/ 2-good in O(n/P?) samples?. We then
pull both i and?roughly O(1/B?1og(1/8)) times and can check whether p; —p; > €
with probability greater than 1 — 8. This procedure relies on Median-Elimination
succeeding, which happens with probability 15/16. In the case that it fails and we
declare p; — i < €, we merely repeat this process until it succeeds— on average
O(1) times. This gives an expected sample complexity of O(n/B? 4+ 1/p21og(1/9))
for any i € G¢. Of course, f3; is unknown to the algorithm. Instead, in each round r,

This scheme works as an independent algorithm, we analyze it in Appendix 6.F.5.
’Median-Elimination is used for ease of analysis. One can use LUCB
( ) or another method instead.
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the bad filter guesses that 3; > 277 for all unknown arms i ¢ G FU /B\T and performs
the above procedure. The following theorem demonstrates that this algorithm
matches our lower bounds asymptotically as & — 0.

Theorem 6.8. Fix0 < €,0 < & < 1/8, and an instance v of n arms such that max (A, |e—
Ail) < 8 for all i. There exists an event E such that P(E) > 1 — & and on €, FAREAST
terminates and returns G. Letting T denote the number of samples taken, for a constant c;

1 1 n
Pl [C?’Zmax{ e e (5| e X

ieGe
Additionally for y < 16 FAREAST terminates on E and returns a set G such that Ge € G C

Gy in a number of samples no more than a constant times (6.3), the complexity of (ST).

ul—e—ul)
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Algorithm 6.4.1: additive FAREAST withy =0
Input: €, §, instance v
Let Go = 0 be the set of arms declared as good and By = () the set of arms declared as bad.
Let A = [n] be the active set, N; = 0 track the total number of samples of arm i by the Good Filter.
Let t = 0 denote the total number of times that line 16 is true in the Good Filter.
forr=1,2,.---
Let &, = 6/21%, T, = {22”3 log (%—?)—‘, Initialize GT = ér,l and I/B\r = ﬁr,l
// Bad Filter: find bad arms in G¢
Let i, = MedianElimination(v,27",1/16), sample i, T, times and compute Li;,
fori ¢ ér,l U ﬁr,p
Sample p; T, times and compute [i;
Ifi;, i >e+2 " Addito B, // Bad arm detected
/I Good Filter: find good arms in G
fors=1,--- ,Hyg(n,277,1/16) + (I(Gr,1 U §r71)6| + 1T,
Pull arm I € argminjc4{Nj}and set Ny, <~ N, +1.
if minje 4{N;} = maxjea{N;}
Updatet = t+1. Let Uy = maxjeq fi(t)+Cs/on (t) —e and Ly = maxjeq Hi(t)—Cs on(t)—¢
foric A:

if ii(t) — Cs/on(t) > U Add ito Gr // Good arm detected
if 16 (t) +Cs /on (t) < Ly: Remove i from A and add i to B, // Bad arms removed
ifi € G, and Hi(t)+Cs/2n (1) < maxjeq ((t)—Csjon (1): // Good arms removed

Remove 1 from A
if A C G, or G, UB, = [n]: Return the set G,

6.5 Empirical Performance

We begin by comparing (ST)? and FAREAST on simulated data. FAREAST is asymp-
totically optimal, but suffers worse constant factors compared to (ST)? ®. (ST)? is
optimal except when . < &.. We compare (ST)? and FAREAST on two instances
in the additive case, shown in Figure 6.3. All arms are Gaussian with o = 1. In
the first example on the left, 56 = 0.1, . = B = 0.05. Both (ST)? and FAREAST
are optimal in this setting; we show the scaling of their sample complexity as the
number of arms increases while keeping the threshold, x., and 3. constant. In the
second example, x. = € = 0.99, and = 0.01. When 1/$2 > n/e?, Theorem 6.4

SImplementations of all algorithms and baselines used in this chapter are available on GitHub.
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Figure 6.3: Comparison of (ST)? and FAREAST averaged over 250 trials plotted with
3 standard errors.
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Figure 6.4: F1 scores averaged over 600 trials with 95% confidence widths for each
dataset.

suggests that O(1/p2 log(1/8)) samples are necessary, independent of n. Indeed,
in Figure 6.3, for § = 0.01, the average complexity of FAREAST is constant, but (ST)?
scales linearly with n as Theorem 6.5 suggests. Finally, a naive uniform sampling
strategy performed very poorly - additional experiments including the uniform
sampling method and with y > 0 are in the Appendix 6.A.

6.5.1 Finding all e-good arms in real world data - fast

As discussed in the introduction, in many applications such as the New Yorker
Cartoon Caption Contest (NYCCC), the aLL-€ objective returns a set of good arms
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Figure 6.5: Precision and recall averaged over 600 trials with 95% confidence widths
on NYCCC data.

which can then be screened further to choose a favorite. We considered Contest
651, which had 9250 captions whose means we estimated from a total of 2.2 million
ratings. We set € = 0.1 and focus on the multiplicative setting, i.e., the objective
of recovering all captions within 10% of the funniest one. In this experiment, we
contrast (ST)? with several other methods including two oracle methods (marked
with A): LUCB1 ( ) with k set to the number of e-good
arms (here it was 46), and a threshold-bandit, APT (

value of 0.9,. We focus on a common practical requirement, each algorithm’s

) given the

ability to balance precision and recall as it samples. With every new sample, each
method recommends an empirical set of e-good arms based on the empirical means,
and we consider the F1 score of this set*. We focus on the F1 score as it is practically
relevant and provides a continuous measure of performance of each method. F1 =1
indicates that an algorithm has found all e-good arms. As can be seen in Figure 6.4a,
(ST)? outperforms all baselines including the oracle APT, and almost matches the
performance of the Tor-k oracle! We transition from a solid line to a dashed one at
2.2M pulls to mark the number of samples drawn in the real contest from which
we gather the data. To illustrate the importance of knowing the correct value of
k, we also plot LUCB1 given k = 46/2 = 23 and k = 46 x 2 = 92, settings where

4F1 is the harmonic mean of precision (fraction of captions returned that are actually good) and
recall (fraction of all good captions that are actually returned).
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the experimenter under or over estimates the number of € good arms by as little
as a factor of 2. Both cases result in a poor performance. We have also included
UCB, currently being used for the contest ( ); the plot shows that
UCB is not able to estimate the e-good set. In Figure 6.5, we show precision and
recall curves for each method on the NYCCC data. (ST)? achieves near-perfect
precision quickly, matched only by UCB. APT’s poor performance is a consequence
of having low-precision, shown in Figure 6.5a. (ST)? achieves high recall more
slowly, but is still competitive with other methods. In practical experiments, high
precision early on may be more important than high recall, as it guarantees that
practitioners can trust the declarations that the algorithm has made, even if some
arms are yet to be found. In the Supplementary we show plots for more values of
€. Additionally, motivated by drug discovery, we performed an experiment on a
dataset ( ) of 189 inhibitors whose activities were tested against
ACVRL], a kinase associated with cancer ( ). In this experiment, we
use the multiplicative case of aLr-€ with e = 0.8 and & = 0.001, to promote high
precision. In this experiment as well, (ST)? performs best (Figure 6.4b), with only
the oracle methods are competitive with it. We plot on a log-scale to emphasize the

early regime.

6.6 Broader Impacts

The application of machine learning (ML) in domains such as advertising, biology,
or medicine brings the possibility of utilizing large computational power and large
datasets to solve new problems. It is tempting to use powerful, if not fully under-
stood, ML tools to maximize scientific discovery. However, at times the gap between
a tool’s theoretical guarantees and its practical performance can lead to sub-optimal
behavior. This is especially true in adaptive data collection where misspecifying
the model or desired output (e.g., “return the top k performing compounds” vs.
“return all compounds with a potency about a given threshold”) may bias data
collection and hinder post-hoc consideration of different objectives. In this chapter

we highlight several such instances in real-life data collection using multi-armed
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bandits where such a phenomenon occurs. We believe that the objective studied in
this work, that of returning all arms whose mean is quantifiably near-best, more
naturally aligns with practical objectives as diverse as finding funny captions to
performing medical tests. We point out that methods from adaptive data collection
and multi-armed bandits can also be used on content-recommendation platforms
such as social media or news aggregator sites. In these scenarios, time and again,
we have seen that recommendation systems can be greedy, attempting purely to
maximize clickthrough with a long term effect of a less informed public. Adjacent
to one of the main themes of this chapter, we recommend that practitioners not just
focus on the objective of recommendation for immediate profit maximization but
rather keep track of a more holistic set of metrics. We are excited to see our work
used in practical applications and believe it can have a major impact on driving the
process of scientific discovery.
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APPENDICES

6.A Additional Experimental Results

Practical change made to FAREAST for simulations: We make one change to FAREAST
that we recommend for practitioners wishing to use FAREAST that improve its em-
pirical performance. In particular, Median-Elimination may instead be replaced
by another method, such as LUCB1, ( ), to find e-good
arms. LUCB1, for instance, has better constant factors and enjoys improved empirical
performance versus Median-Elimination. The use of Median-Elimination in this
algorithm serves to ease both notation and analysis since it's sample complexity is
deterministic. To modify the algorithm, simply track the number of samples given
to the bad filter in total, which can be a random variable, and give the good filter
the same number in that round. The proof then follows identically, with only the
moderate confidence term changing in the result.

Additional Simulations Results As mentioned in the Experiments, Section 6.5,
we omitted curves comparing against uniform sampling as they make the plots
hard to read with uniform performing much more poorly. For completeness, we
include them in Figure 6.A.1. Clearly, uniform sampling performs much more
poorly than either active method, as expected.

Additionally, we include experiments with y > 0 here. For small vy, the only
valid solution is G¢ (resp. M) itself. However, for larger vy, there are many valid
solutions. Indeed, any G such that Gc C G C G, is valid. To analyze the effect
of v on both (ST)? and FAREAST, we consider the same type of instances studied
in Figure 6.3b. Here, n — 1 arms have means equal to y;, and a single arm is in
G¢. Again, we take € = 0.99 and . = 0.01, and additionally, set n = 150 arms.
Recall that in this setting, FAREAST outperforms (ST)?, as shown in Figure 6.3b. As
we increase 'y, the problem becomes easier. We increase y on an exponential scale,
beginning with v ~ €/100 and ending with v ~ €/2. Indeed, for smaller values
of v, FAREAST is superior as it finds the exact solution fastest. For larger vy, (ST)? is
able to terminated more quickly. In Figure 6.A.2 we plot these results.
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Figure 6.A.2: (ST)? and FAREAST with different values of y

Metrics we consider for real data experiments: For all methods, we track their
precision, recall and F1 score with respect to the true set of e-good arms. To
compute these metrics, at each time, the algorithm outputs a set that it guesses
are the e-good arms based on the data it has gathered thus far. For UCB, Uniform,
and (ST)?, this is based directly on empirical means, i.e., G= {i:1 > max; [y — €}
or G = {i: Hi > max;(1 — e)} in the multiplicative case. Oracle methods may
use their additional information to return the set. In particular, APT returns all

arms whose empirical means exceed (1 — €)u; (using knowledge of ;) and LUCB1
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returns the k largest empirical means (using knowledge that [M.| = k. Let TP (true
positives) denote the number of arms that an algorithm declares as e-good that
truly are. Let FN (false negatives denote) the number of arms that an algorithm

declares as not e-good when in fact they are. Recall, r € [0, 1], is computed as

_TIP
TP+FN"

detects. Precision, p € [0, 1], by contrast is the the fraction of the arms that an

T= Intuitively, recall is the total number of e-good arms that the algorithm
algorithm predicts as e-good that truly are. It is computed as p = max(TP/ G|, 1)
where the max() is necessary to avoid the trivial case that G = 0. Finally, the F1
is the harmonic mean of precision and recall: F1 = pz}jr—rr. It balances how precise
an algorithm is with how many discoveries it makes. In many cases, F1 may a
more relevant metric than the others, as it avoids trivial edge cases. For instance,
an algorithm that always declare every arm as e-good independent of the data,
achieves perfect recall because it has 0 false negatives. Similarly, an algorithm that
never declares any arms as e-good, again independent of data, achieves perfect
precision. Both methods, despite seemingly good performance with respect to their
individual metrics, are undesirable in practice. In particular, both would achieve
low F1 scores.

The New Yorker Caption Contest: In this section we provide additional ex-
perimental results adjoining those in Section 6.5. The data can be downloaded at
https://github.com/nextml/caption-contest-data. We chose contest 651 for our
experiments, but hundreds of others are available. Captions are rated on a scale of 1
to 3 (“unfunny”, “somewhat funny”, or “funny”). It is desirable to find all captions
that are nearly as good as the best. However, setting a fixed number of captions or
fraction of captions to accept is undesirable as the number of truly funny captions
varies from week to week and represents a small fraction of the submissions. For
instance, in the contest that ran the week of 3/14/16, only 8 captions were rated
within 20% of the funniest caption. In the following week, by contrast, 187 captions
were. Similarly, a choosing a fixed threshold of what it means for a caption to be
funny is unrealistic. In the same two contests, first week saw 3% of captions be rated
at least 1.5 out of 3 whereas the second saw < 0.1%. For this reason, finding all

e-good arms is more natural. We consider finding all multiplicative e-good arms
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"And you haven't been out of the country recently?"

UNFUNNY SOMEWHAT FUNNY FUNNY

DONE

Figure 6.A.3: The user interface for the caption contest with the caption for contest
651. “Unfunny” = 1, “Somewhat funny” = 2, “Funny” = 3

with € = 0.1,0.15,0.2. To keep the comparison fair, all methods use the same confi-
dence widths from ( ). In Figure 6.A.4b we plot the average rating
of each caption in sorted order with horizontal lines corresponding to (1 — 0.2)p;,
(1—0.15)u, and (1 —0.1)p;. The arms with means above this line are 0.2, 0.15, and
0.1 e-good. The oracle methods tend to achieve high recall, but low precision, and
this is especially true for the threshold oracle, APT. In Figures 6.A.5, 6.A.6, 6.A.7
we plot F1, Precision, and Recall curves for all methods tested on € = 0.2,0.15,0.1
respectively. As before, all curves are averaged over 600 independent repetitions
and plotted with 95% confidence intervals. It is evident from these curves, that
(ST)? performs especially well with regard to precision, though it achieves lower
recall than some other baselines.

Protein Kinase Inhibitors for Cancer Drug Discovery: Additionally, we con-
sider a second, medically focused experiment. In 2013, researchers at GlaxoSmithK-
line published a dataset of protein kinase inhibitors different kinases (PKIS1),

primarily from humans ( )- Kinases are a family of enzymes
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Figure 6.A.6: F1, Precision, and Recall scores on the New Yorker Caption Contest
with € = 0.15
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Figure 6.A.7: F1, Precision, and Recall scores on the New Yorker Caption Contest
with e = 0.1

present in many cells and researchers are interested in developing targeted kinase
). The

dataset contains numerous measures of how strongly each inhibitor reacts with

inhibitors to as a new way to treat cancer (

each kinase. A second, larger dataset (PKIS2) was expanded on by

( )°. For the purpose of our experiment, we selected a single Kinase in the
dataset, ACVRL1, which researchers have linked to numerous types of cancer, most
). PKIS2 contains 641
different compounds that were tested as being potential kinase inhibitors, though

prominently bladder and prostate cancers (

not every compound was tested against every kinase. In particular, 189 were tested
against ACVRLI1. For each compound, there is an associated average “percent
inhibition” that is reported. All numbers are between 0 and 1 and averaged across
multiple trials in a single assay. We subtract each number from 1 to compute the
percent control, representing how effective any method is relative to a control, an
important metric for estimating how effective that compound is against the target,
ACRVLL. A meta-analysis, done by (

these values have log-normal distributions with variance less than 1. Therefore, we

), reported that

compute the log of each percent control and may sample from a normal distribution
with that mean and variance 1. As before, we plot F1, precision, and recall for all
methods. To simulate being in a medical research regime where a higher level of

5The dataset can be downloaded the link:

https://doi.org/10.1371 /journal.pone.0181585.s004.

at following


https://doi.org/10.1371/journal.pone.0181585.s004
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Figure 6.A.8: Precision and Recall curves for the PKIS2 cancer drug discovery

experiment with e = 0.8

precision is often desired, we take 5 = 0.001. We test each method on returning all

multiplicative e-good arms with e = 0.8 and plot the results in Figure 6.A.8. Note

that these curves are plotted on a log-scale to emphasize the early regime of this

experiment. It is likewise true here that the oracle baselines perform better on recall

than they do on precision. (ST)? again performs well with respect to precision,

and is more competitive with respect to recall in this experiment. Finally, (ST)? is

competitive versus oracle methods on F1 score and greatly outperforms UCB and

uniform sampling.
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6.B (ST)?, An optimism based algorithm for all-¢

Algorithm 6 The (ST)? Algorithm

Require: Instance v, ¢ > 0, 6 € (0,1/2], vy > 0 (e € (0,1/2], and v €

!\))—\

10:
11:

[0, min(16/w,,1/2)])

: Pull each arm once, initialize T; <— 1, update f1; for each i € {1,2,...,n}

Empirically good arms: G = {i : {i; > maxj{;j —ejor G ={i : [y > (1 —
€) max; }’.\L]}
U, = max; (i5(T;) + Cs /n(Tj) —e —y or Uy = (1—e—7) (max; fi;(t) + Cs/n(T;))
L, = max; ]:\L] (T]) — C&/n(Tj) — e or I_t = (1 - €) (man }/:L] (t) — Cé/-n_(T]))
Known arms: K = {i: {1;(Ti) + Cs/n(Ti) < Ly or {1i(Ti) — Cs/n(Ti) > Uy}
while K # [n] do

Pull arm 4 (t) = arg min; _a\ g (Li(Ti) — Cs/n(Ti), update Ty, fL,

Pull arm i,(t) = arg maX; e\ g (i (Ti) + Cs/n(Ti), update Ty, fui,

Pull arm i*(t) = arg max; {1;(Ti) + Cs/n (Ti), update T, {1;-

Update bounds Ly, Uy, sets é, K
end whilereturn The set of good arms {i: [1i(T;) — Cs/n(Ti) > Uy}

6.B.1 Optimism with additive y

Theorem 6.9. Fix e > 0,0 < & < 1/2, v € [0,16] and an instance v such that
max(Ai, |le — Ail) < 8 for all i. In the case that G, = [nl, let x. = min(x,, Be). With
probability at least 1 — 8, (ST)? correctly returns a set G such that G. C G C G, inat

most

= 1024 2n 3072n
12 min { ma log [ — lo ,
2_m { X{(ul—e—u')z g<5 g2<5(u —e—ui)2>>

i=1

4096 12288n
(1 + e — 1y ( ( Oy + e — Hi)z)),
4096 log < log < 12288n )> }
(W + Be — A0+ Be — 1i)? ’

b <M“>>?
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samples.

Proof. Throughout the proof, recall that A; = u; — p; for all i, e = minieg, i —
(W —€), and B = minjege (1 — €) — wi. Additionally, at any time t, we will take
T;(t) to denote the number of samples of arm j up to time t.

Define the event

& = ﬂ ﬂ 10 (t) — il < Coym(t)

i€[n] teN

Using standard anytime confidence bound results, and recalling that that Cs(t) :=

4log(log,(2t) /)
—=—=2=—"— we have
PE®) =P U Ifii — wil > Csym(t)
ie[n] teN
mn n 6
< ZP <U [0 — il > Cs/n(t)> < ZE =90
i=1 teN i=1

Hence, P (€) > 1 — 6. Throughout, we will make use of a function h(x, 8) such that
if t > h(x,6), then Cs(t) < |x|. We bound h(-,-) in Lemma 6.32. h(-, ) is assumed to

decrease monotonically in both arguments and is symmetric in its first argument.

6.B.1.1 Step 0: Correctness

We begin by showing that on &, if (ST)? terminates, it returns a set G such that
Ge C G C Geyy. Since P(€) > 1 — ¢, this implies that (ST)? is correct with high
probability.

Claim 0: On Event &, atall timest, Uy > u; — e — .

Proof.

U = max G(TGR) +Csm(Gt) —e—v = u(Ti(t)) + Csm(Ta(t) —e—vy
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I3
ZM—€e—Y

H

Claim 1: On Event &, atall times t, [; < w; — €.

Proof.

A 13
L= max (T(t) — Cs/m(Ti(t) —e < Maxp — € =i —¢€

H

Claim 2: On event &, if there is a time t such that {1;(Ti(t)) — Cs/n (Ti(t)) > Uy,
thenic Gey.
Proof. Assume for some t, {1;(Ti(t)) — Cs/n(Ti(t)) > U;. Then

& Claim 0
w > (Tit) —Com(Ti(t) 22Uy > m—e—vy

which implies i € Ge. O
Claim 3: On event &, if there is a time t such that {1;(Ti(t)) + C5/n(Ti(t)) < Ly,
theni e G¢.
Proof. Assume that is a t for which {1;(Ti(t)) + Cs/n(Ti(t)) < L. Then

& Claim 1
< (Ti(t) + Com(Ti(t) <Ly < mp—e

which implies i € G¢. O

(ST)? terminates at any time t such that simultaneously for all arms i, either
i(Ti(t) + Cs/n(Ti(t)) > Ug or 1i(Ti(t)) — Cs5/n(Ti(t)) < Li. On €, by Claim
3, Ge C {i: (Ti(t)) + Cs/m(Ti(t)) > Ul On &, by Claim 2, {i : {1;(Ti(t)) +
Cs/n(Ti(t)) > U} C Geyy. Hence, on the event €. (ST)? returns a set G such that
Ge C G C Geyy.
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6.B.1.2 Step 1: Complexity of estimating the threshold, 1; — €

Let STOP denote the termination event that for all arms i, either f1; (T (t))+Cs /n (Ti(t)) >
U or f1i(Ti(t)) — Cs/n(Ti(t)) < Li. Let w denote the quantity

w := max{y, min(x, B¢)}

Let T denote the random variable of the total number of rounds before (ST)? ter-
minates. At most 3 samples are drawn in any round. Hence, the total sample
complexity is bounded by 3T. We may write T as

T:=|[{t: =STOP}| = [{t : =STOP and i* ¢ G}/ + {t : =STOP and i* € G}

Next, we bound the first event in this decomposition.
Claim 0: On ¢,
(t: ~STOPand i* # G}l < ¥icqq min {n (%, 2) min [h (4, ), h (mnlgebe) o)1

Proof. If for each i € G, i +2Cs /1 (Ti(t)) < w4 is true, which is ensured when
Ti(t) > h (Ay/2,2) foralli € GS,, then

AT (1) + Com(Ti(t)) € i +2Csm(Te()) < < fu(Ta(£) + Co/n(Ti(t))

which implies that i # i*. Additionally, since i € G, by assumption, we have that
w — w — pwy = 0, which reduces to A; > w. Since w = max(y, min(x,, Be)), it is
likewise true that

h(AT%) —mn [h (%%) mn{h(%%)h(%m%m

Summing over all i € G, achieves the result. O
We may decompose the set {t : =STOP and i* € G} as

{t: ~STOPand i € G, and Cs/n(Ti- (1)) > %}

U {t : =STOP and i* € G, and C;,/n (Ti+ (1)) < %}
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< Yicq,min {1 (3 &), min b (§,5) b (mnGere, %)
Proof. Cs/n(Ti(t)) < £ is true when T;(t) > h (£, £). Since i* € G, pi — (11—
w) > 0, which implies A; < w. By definition, w = min(y, mm((xe, Be)). Hence, by

monotonicity of h(,-),

w b ) JAVER) w b
(o) = (o) (o)
s Y 5 . Ai o min(oce, Be) b
_mm{h(le’n>’mm {h(m’n)’h( 16 'm
Summing over all i € G, achieves the desired result. O

6.B.1.3 Step 2: Controlling “crossing” events

Recall that we sample i;(t) € G and L(t) € GC. In this section, we control the
number of times that i;(t) € GC+y and (t) € Geyy.
To do so, we first decompose the set {t : =STOP and i* € G, and Cg,n(Ti+ (1)) < £}

as

{t : =STOP and i* € G and Cs/ (Ti+ (1)) < % and i;(t) € G;%}

U {t : =STOP and i* € G, and Cs/n (Ti+ (1)) < ;v_6 and i;(t) € G€+%}

Claim 0: Ht . ~STOP and i* € G, and Cy/n(Ti-(t)) < £ and 1y (t) € G‘;%H <
Yicce , min [h (555, 2) 0 (F, 7))

2
Proof. Recall that G is the set of all arms whose empirical means exceed

max; (1;(Ti(t)) — €, and 14(t) € G by definition. Note that max; {1;(Ti(t)) — e >
max; [Li(Ti(t)) — Cs/m(Ti(t)) — € = L. Hence, if an arm’s upper bound is be-
low L, then the arm cannot be in G and thus not be i1(t). By the above event,
Cs/n(Ti-(t)) < 5. Hence,

&

w € . N
Wi+ 5 > Ui +2Cs/n (T (1) = A (T (1)) + Cosym (Ti- (1)) = W (Ti(t)) + Cs/m(Ti(t)) = m.
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Therefore, pi- > wy — § or equivalently, i* € G, /5. Using this,

Ly = max (i (Ti(t) — Csm(Ti(t)) — € i+ (T (1)) — Csm(Ti=(t)) — €

WV
g

&
2 i _zcé/n(Tt (t))_e
g w
> Hp — g €
w
>Hl—z—€

Next, we bound the number of times an arm i € G¢ 1y is sampled before its upper
bound is below p; — £ — €. Note that Cs /n (Ti(t)) < 3 (11 — 2 — € — i), true when
Ti(t) > h (3 (1 — % —e—p),2) implies that

w

e
L (Ti(t)) + Com(Ti(t)) < i +2Cs/m(Tilt)) < g — 7 ¢ < L.

Finally, we turn our attention to the difference p; — ¢ — € — ;. Recall that w =

max(y, min(ce, Be))-

1

w
Hl—z—e—HiZ(Hl—e)—Hi—zlw
= (W —€) —ui— L—LmaX(%rnin(oce,Be))-

By definition, B = minicge (i1 — €) — pi. Hence, min(a, Be) < (11— €) — Wi

forallie G¢, ¥ Similarly, since i € G¢ +3 by assumption, (i —€ —3) — i =0,

which rearranges to ¥ < (i — €) — ;. Therefore,

1

. 1
(1 — €) = i — 5 max(y, min(ae, Be)) > 5
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Hence, by monotonicity of h(,-),

1 w ) A;i—e b
- e _e—w) 2 )« R
h’(z <Hl 4 € HI)/n) \h( 4 /n>

Lastly, as above, since i € G¢

cyys We have that Ay —e = (11 —€) —w > %y. Hence,

Ai—e b ] Ai—e€ b Y &
“ )« Z LA I
n(Bt) s (3550 ()
Putting this together, if T;(t) > min [h (25, 2) h (%, 2)], then i # i;(t) for all

8 'm 87
i e Gg,y. Summing over all such i bounds the size of set stated in the claim. [J
We decompose the remaining event

{t: ~STOPand i" € Gy, and Cy/n (T (1)) < 77 and i1(t) € G,y |

16
as

{t : =STOP and i* € G, and Cgn (Ti- (1)) < % and i;(t) € G,y and L,(t) € Ge%}
U {t : =STOP and i* € G, and Cs / (Tix (1)) < % and i;(t) € Gery and L(t) € G;%}.

We proceed by bounding the size of the first set.
Claim 1:

Y w .
Ht : =STOP and i* € G, and Cs/n (Tix (1)) < <1g and i;(t) € Gery and i,(t) € GH%H

T (3

ieG
e+%

Proof. Recall that K = {i: {i(Ti(t))+Cs/n(Ti(t)) < Ly or i(Ti(t))—Cs/m(Ti(t)) >
L} and 1, is sampled from the set @C\K, ie all arms in G¢ who have not been
declared as above U, or below L;. Hence, if an arm’s lower bound exceeds U; =
max; {L(Ti(t)) + Cs/n(Ti(t)) — € — 7y, it must be in K an thus cannot be 1,. Recall
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Next, we bound the number of times an arm i € G, y is sampled before its lower
bound is above w; + § — € —y. Note that Cs  (Ti(t)) < % (ui —(m+§—c¢ —y)),
true when T;(t) > h (5 (i — (W1 + € — e —7v)), 2) implies that

i (Ti(t) — Cs/n(Ti(t)) ; i —2Cs/m(Ti(t)) >y + % —€e—v.

Finally, we turn our attention to the difference p; — (111 + § — € —v). Recall that

w = max(y, min(oae, Be)).

w 1
Hi_<ul+§_€_'}’) =ui—(u1—e)+v—§w

Case 1a, w = min(x., ) and i € Gg:.
By definition, «e = minicg, ni — (11 — €) . Hence, min(ae, Be) < 1 — (11 — €)
for all i € G.. Therefore,

1
ui—(ul—e)ﬂf——w—ul (M —e€)+ v—gmm(cxe,ﬁ)

> max (ul (W —€) — %min(oce, Ba)ﬁ)
> max (8(!4 (1 — €))IV>

Case 1b, w = min(x,, fe) and i€ GEN Gery
Since w = max(y, min(x,, Be)), if w = min(axe, Be), then %y < min(ae, Be)-



204

Since min(&., ) = min | — (w — €)], the set GEN Gty is empty and there is
nothing to prove.
Case2a, w =vandie€ Gg:

1 7

7
Wi~ (i —e)+y—gw=n—(m—e)+ gy >max (ui—(ul—e),gv)

Case2b, w =vandie€ G NG y:
Fori e G¢NG.,y, wehave that pi — (1 —e—vy/2) > 0. Hence pi — (1 —€) > .
Therefore,

i — (b —e)+ —lw>§ = max §(( —€)— -)§
Hi 2t Y 3 /8‘Y— 3 M1 HI,SY .

Applying the above cases and using monotonicity of h(:,-), we see that for

irE G€+%,

(bl ()8 emmfa (528 (1)

Hence, if any i € G,y has received this many samples, then its lower bound

exceeds U; and thus the arm must be in G. Putting this together, if Ti(t) >

min [h (<2, 2)  h(%,2)], theni # iy(t) foralli € Gery. Summing over all

such 1 bounds the size of set stated in the claim. ]

6.B.1.4 Step 3: Controlling the complexity until stopping occurs

In this step, we turn our attention to the final event to control:
8= {t : =STOP and i* € G, and Csn(Ti- (1)) < % and i;(t) € G,y and L,(t) € G;%}.

For brevity, we will refer to this set as 8 for this step. The objective will be to bound

the time before each arms lower bound either clears U, or its upper bound clears
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L; which implies the stopping condition. To do so, we introduce, two events:

Eq(t) = {0, () (Ti, () (1)) — Co yn(Ti 1) (1)) > Uy} (6.5)

and
Ex(t) := {Li,(0) (Tiy (1) (1)) + Co/m(Tiy0) (1)) < Lk (6.6)

If Eq(t) is true, then {1;(T;) — Cs/n(Ti(t)) > Ly forall i € G. If E,(t) is true, then
(Li(Ti) + Cs/n(Ti(t)) < Uy foralli e G®. Hence, by line 6 of (ST)?, if both E;(t) and
E,(t) are true, then (ST)? terminates.

Claim 0: [$ N {t: ~E; (1)} < X i, min [h (&2 2) h(%,2)].

Proof. Recall that by the set §, we hgve thati,(t) € G, vy Furthermore, by the
set §, we have that i*(t) € G, and Cs/n(Ti-(t)) < w/16. Hence,

U = max Li(Ti(t) + Csm(Ti(t)) —e —vy

= [+ (1) (Tor () (1)) + Co m (Tir () (1)) —e =7y
e
< M) +2Csm(Tir (1)) —e =7y
w
< Mi*(tﬁ‘g—e—ﬁf
w
St g —€e—Yy

8

If Cs/m(Ti) < 5 (i — (1 + % — e —v)) which is true when
TR (b § e 1)), £), then

. w
i(T) — Cs/m(Ti) = mi —2Cs/m(Th) = Wi + g €Y > Uy.

The remainder of the proof of this claim focuses on controlling the difference:
Wy — (ul +5 —€ —y) in the case that w = min(x, ) and w = y. Recall that
w = max(y, min(x., B)). Hence, if any possible i € Gy y has received sufficiently
many samples, since i;(t) € GH%, this implies E;(t).

Case 1a, w = min(«x,, <) and i € G,
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We focus on the difference p; — (1 + £ — e — ).

w
lli—<lll+——€—¥>:ui—<ll1+

min (o, Be)
8 ety

8
1 .
—w—(m—€)+v— gmln(o‘e/ Be)

(Yio)l( ( )) E—Ai
= EPH— W —€ - >

where the final step follows since min(a., Be) < ote < i — (1 — €) by definition
for all i € G¢. Then by monotonicity of h(-, ),

(e ) n(5528)

Lastly, in this setting, y < min(«e, Be) < € — A since w = min(«e, Be). Hence, it

is trivially true that

e—A; 6\ . ce—A; b Yy &
n(55 ) mme [ (S550) m ()

Case 1b, w = min(ax,, ) andi € GEN Gery

Since w = max(y, min(x,, B¢)), if w = min(xe, Bc), then %y < min(ae, Be)-
Since min(&., ) = min | — (w — €)], the set GEN G,y is empty and there is
nothing to prove.

Case2a, w =vandie G,

Again, we bound the difference p; — (ul + 7 —€— y).

w 7
Hi—(ul+§—€—Y):Hi—(m—e)‘i‘gY

Sincei € G, uy — (11 — €) = 0. Hence,

7 7

wi — (1 — €) + 5y = max (Hi — (- €),§Y)

oo
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Therefore, we have that

h(% (Hi_<ul+%—€—y>>,§> <h((—:—ALAilg)

and

Hence,

ng (= (s §-emv)) ) <min[p (5% 0) m (7))

Case2b, w =vandiec GE NGy
As before,

w 7
Hi—(ul+§—€—1/>:Hi—(m—fl)‘i‘gY

Since i € G N Gy, we have that p; — (11 — € — 3) > 0. Rearranging implies that
i — (u — €) > Sy, Hence,

7
W—(—e)+sy=

8 Y

| W

Hence,

(2o -en)-2) an(32).

Additionally, as above, if i € G¢ N Gy, we have that p; — (11 — e — ¥) > 0 which
implies that (1; — €) — p; < y. Hence

Y & . Ai—e b v d
h(t2) = h hon(L, 2.
(8'n> mm{ ( 8 'n>' <8'n
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Therefore, if T; exceeds the above, then E;(t) is true for an i; € GE N Geyy. Com-
bining all cases, and noting that h(x, ) > h(x/2,8) Vx, we see that for i; € G, 1Y

if
e—A; d v &
Ti t i h 7 /h o/ ’
= min o (52 ) ()

Then E;(t) is true. Summing over all possible i; € G, y proves the claim. O
Claim 1: SN {t: By ()} N{t: ~Ea(t) < X e , min[h (55, 5),h (3, 3)].
Proof. By the events in set 8, Cs/n (Ti-(t)) < 5. 2Hence,

w e . . &
ui+ ke wi +2Cs/m (Tix () = A5 (Ti- (1)) + Cos/m (Tix (1)) = 1 (Ti(t)) + Cs/n(Ti(t)) = pa.

Therefore, i« > w — g or equivalently, i* € G, /5. Using this,

i+ (Tis (1)) — Cosm(Tie(t)) — €

WV
g

L= max Li(Ti(t)) — Cs/m(Ti(t)) — €

&
2 i _Zcé/n(Tl*(t)) —€
g w
Z Hi= — o — €
Mg
w
> - e

Forie G, ,if Cs/n(Ti) <3 ((1 — % —€) — 1), true when

e+%/

Tz h(;((m—§—e€)—w), 3) then

L(T) 4+ Csym(Ti) < i +2Cs/n(Th) < i — 1€ < L

As before, we seek a lower bound for the difference (ul -7 e) — Wi.

Case 1: w = min (o, Be)

(02 )

>

1 .
W —€) — [y — me(cxe,ﬁe)

—

(b —€) — i)

NI
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since (W — €) — 1 = min(xe, Be). Therefore, we have that

(35w 8) (4558,

Lastly, in this setting, y < min(«e, Be) < € — A since w = min(«e, Be). Hence, it

is trivially true that

Ai—e d\ . Ai—e b v &
(75) (575 2)(52)])

Case2: w =vy
Assume that y > min(x.,¢), as equality is covered by the previous case.
Hence,
(12 ) b= -
H1 4 Hi = (K1 Hi 4‘Y

Recall that we seek to control i, € G¢ Ly Forany i € G¢ Ly we have that u; — e —

¥ — w; > 0. Rearranging, we see that (u; —€) — p; > %y which implies that

(b —e€)—m— -y =z ((m—e) —py).

N~

L
4

Therefore, we have that

(=59 -w) 5) en(250)

is this setting as well. Similarly, since A; — e > %y, we likewise have that

Ai—e b ] Ai—€ b v &
Z ) < e 2.
n(Ftn) e (B550) n (50

Hence, if T; exceeds the right-hand side of the preceding inequality, then for any

i€ G¢, y,its upper bound is below L;. Hence for i,(t) € G¢ y, this implies event
2 2

E>(t). Summing over all possible values of i,(t) € G¢ 4y proves the claim. O
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Claim 2: The cardinality of § isbounded as|8| < )" ; min [h (Aig $,2),h(%,

)]

2o

Proof. First, § may be decomposed as
SI=1sn{t: =B (O +ISN{t: Ea(t)yn{t: ~Ea(t)}+ IS N {t: Ea(t)} N {t: Ex(t)]

Note that |S N {t : E1(t)} N {t : Ex(t)}] = 0 because we have assumed in set S
that (ST)? has not stopped, and {t : E;(t)} N {t : Ey(t)} implies termination. By
Claim 0, S N{t : ~E;(t)}] < X icq ., min [h (52, 8) ,h (%, 2)]. By Claim 1,

‘n 4rn
8 N{t: B()n{t: ~E2()} < Xiege , min [h (552, 2),h(%,2)]. Recalling that
ety
h is assumed to be symmetric in its first argument proves the claim. O

6.B.1.5 Step 4: Putting it all together

Recall that the total number of rounds T that (ST)? runs for is given by T = [{t :
—STOP}|. To bound this quantity, we have decomposed the set {t : =STOP} into
many subsets. Below, we show this decomposition.

{t: =STOP} =
{t: =STOP and i* ¢ G}

t:~STOP and i* € G, and Cs n (Ti- (1)) > %}

t: —STOP and i* € G, and Csn(Ti- (1)) < % and iy (t) € Gg%}

o w ) .
t: =STOP and i* € G, and Cg/n (Ti+(t)) < 16 and i;(t) € Gery and 1(t) € GH%}

U

U

U

U

= =

1

Hence, by a union bound and plugging in the results of the above steps,

[{t : =STOP}| <
{t : =STOP and i* ¢ G}l

" ‘{t : -STOP and i* € G, and 3i € G, : Cs/n(Ti- (1)) > %H

t:—STOP and i* € G, and Csn(Ti- (1)) < += and i (t) € G,y and iy(t) € G;%}.
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t : =STOP and i* € G, and Cs/n (Ti- (1)) < % and i;(t) € GE%H

t:=STOP and i" € G and Co/n(Ti-(t)) < 17 and s (t) € Ge,y and ia(t) € Gey }|

+ {t —STOP and i* € G, and Cg /n (Ti+ (1) g% ndll( )EGHV and 1,(t )EG;%H
S min{n (3 ) min [ (50 m (PSP

. 2'n

ieGy,

. Y b . Aq min (e, fe) O
iezG mm{h(m’n) min {h<16'n)'h( 6 'n
. /A —€ 6 Y &Y]

h( 8 'E)'h(@rﬁ)_

N

L5 i (2, 2) i [ (&, £) (s 6Y])
+2;:min [h (AiS_ e%) h (% %)}
< 4gmin {max {h (Ailg e’%) ,min {h (%, %) ,h (%g'w, %)} } ’
(5 )}
Next, by Lemma 6.33, we may bound the minimum of h(:, -) functions.
4gmin {max {h (Ailg €, %) ,min {h (%, %) ,h (%g'ﬁe), 7—61)} } /

(o)
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= 4gmin {max {h (Ailg e,%) ,
s (3 ) 52 )
(5om)]
< 4§min {max {h (Ailg e’%) ,
o (25 8) (252-3))
(o)}
:4gmin {max {h (Ailg e/%) ,h (Ai;z(xe,%) ,h (Aig_zﬁe,%)},
()

Finally, we use Lemma 6.32 to bound the function h(-,

2e~¢/2. Further, e — A{] <

%m (OCGIB ) 2. Ai

¥ < 2. Therefore,

—€ b A+ e b A+ Be d
4me{max{ ( e, ),h( 32“ ,T—L),h( 0 ,T—L)},
h<16 n)}

LI 1024 2n 3072n
<4 Z min {max {m log (? log, (6(—)) ,
i=1 t

-). Since 6 < 1/2,8/n <
< 1/2 implies that gle — A;| < 2 and
< 16 for all i, gives 0.125A; < 2. Lastly, v

8foralliand e <

< 16 implies that

e —A)?
4096 o 2n 2n, 12288n
(A + )2 08 82\5(A +ac)?) )’

4096 1 an 12288n
(A + B2 8 <? 082 (6(Ai n Be)2)> }
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ll 2_T11 3072n
,Yz Og 5 ng 6,Y2
b 1024 2n 3072n
=4 min { max log | —lo ,
; { {(ul—e—ui)z g(6 g2<6(u1—€—u1)2))
4096

o ( o < 12288n ) )
(1 + oe — )2 08 82\ 50w + e — )2 ) )
4096 o ( 2_TL o ( 12288n )) }
(4 Be — mi)? &\ 5 08 O + Pe — 1i)? ’
l o ZTL 2n, 3072n
'Y g gZ 6Y2 .

The above bounds the number of rounds T. Therefore, the total number of samples
is at most 3T. O

6.B.2 Optimism with multiplicative y

Theorem 6.10. Fix ¢ € (0,1/2], 0 < 6 < 1/2, v € [0,min(16/w;,1/2)] and an
instance v such that max(Ai, leps — Ail) < 8 for all i. In the case that M. = [nl, let
& = min(&e, Be). With probability at least 1 — 8, (ST)? correctly returns a set G such
that M. C G C M, in at most

= 1024 3072n
2)_min e e 98 (508 (st =)
4096 log (—1og2 ( 12288n )) ,
(1 + 22 — )2 Sy + 7 )?
4096 log (2_1 s, ( 12288n ))}
(m1 + £ — )2 d Sk + 125 — )2

1024 10 ( o (30721’1) }
'Y lJ—l 8 82 6Y Ul

samples.

Proof. Throughout the proof, recall that A; = u; — p; forall i, &. = miniem, i —
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(1—¢€)yy, and P = min;iepme (1 — €)u — py. Additionally, at any time t, we will
take Tj(t) to denote the number of samples of arm j up to time t.

Define the event

&= ﬂ ﬂ i (t < Cs/m(t)

n] teN

Using standard anytime confidence bound results, and recalling that that Cs(t) :=

4log (1 2t) /o
Og(ng( )/ ),wehave

P(EC) =P ( U Ul —wil > cé/n(t))

i€[n] teN

n n6
P |1 1|>Cn -
R CER D

Hence, P (€) > 1 — 6. Throughout, we will make use of a function h(x, 8) such that
if t > h(x, ), then Cs(t) < |x|. We bound h(-,-) in Lemma 6.32. h(, ) is assumed to

decrease monotonically in both arguments and is symmetric in its first argument.

6.B.2.1 Step 0: Correctness

We begin by showing that on &, if (ST)? terminates, it returns a set G such that
Mc C G C M(cyy). Since P (&) > 1 — 9, this implies that (ST)? is correct with high
probability.

Claim 0: On Event &, atall times t, Uy > (1 — € —y) .

Proof.

\%

U =(1—e€ —Y)(m],&lx 5 (T5(t)) + Co/m(Ti(1)) 2 (1 — e = y) (A (Ta(t) + Cs/n(Ta(t)))

e
Z1l-e—vm
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Claim 1: On Event &, atall times t, L; < (1 — €).
Proof.

€
Le=(1—¢) <mjax f5(T5(t)) — Co/n(T; (t))> < (1—¢) MAax pj = (1—€)m
]
Claim 2: On event &, if there is a time t such that {1;(Ti(t)) — Cs/n (Ti(t)) > Uy,
thenie Mc,.
Proof. Assume for some t, {1;(Ti(t)) — Cs/n(Ti(t)) > U;. Then

& Claim 0
w2 () —Csm(Mt) 22U > (1—e—v)w

which impliesi € M O
Claim 3: On event &, if there is a time t such that {1;(Ti(t)) + Cs/n (Ti(t)) < Ly,
then i € M¢.
Proof. Assume that is a t for which {1;(Ti(t)) + Cs/n(Ti(t)) < L. Then

& Claim 1
m < L(T(t) +Csm(Ti(t) <Lg < (1—€e)y

which implies i € M¢. O

(ST)? terminates at any time t such that simultaneously for all arms 1, either
Li(Ti(t) + Cs/n(Ti(t)) > Ug or i(Ti(t)) — Cs5/n(Ti(t)) < Li. On €, by Claim
3, Me C {i: i(Ti(t)) + Cs/m(Ti(t)) > Ul On &, by Claim 2, {i : {1;(Ti(t)) +
Cs/n(Ti(t)) > U} € M. Hence, on the event €. (ST)? returns a set G such that
Me C G C My

6.B.2.2 Step 1: Complexity of estimating the threshold, (1 — €)u,

Let STOP denote the termination event that for all arms i, either f1; (T (t))+Cs /n (Ti(t)) >

U or {1;(Ti(t)) — Cs/n(Ti(t)) < L;. Let w denote the quantity

w := max{yp, min(&e, fe)}-
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Let T denote the random variable of the total number of rounds before (ST)? ter-
minates. At most 3 samples are drawn in any round. Hence, the total sample

complexity is bounded by 3T. We may write T as
T = [{t:—=STOP}| = {t : =STOP and i* ¢ M, ,,,}| + {t : =STOP and i* € M, /,,, }|

Next, we bound the first event in this decomposition.
Claim 0: On ¢, [{t : =STOP and i* ¢ M,/ }| <

Tieme, min {h (12, 8), min [h (4, 2), b (melebe 1]

w/pq

Proof. Foreachi e M, , 1ti+2Cs/n(Ti(t)) < p, truewhenTi(t) > h (A;/2, 2)
implies that

B(Te(1) + Com(Tult)) < i +2Csm(Te(0)) < w1 < fu(To(£) + Co/n(Ti(t))

which implies that i # i*. Additionally, sincei € Mg,

that (1—w/p; ) iy —p > 0, which reduces to A; > w. Since w = max(ypy, min(&e, fe)),

by assumption, we have

it is likewise true that

A8\ vy 8\ Ai 8 min(&, Be) &
n(Gw) = (50 e (5 0) ()}

Summing over all i € Mg, achieves the result. O
We may decompose the event {t : =STOP and i* € M, ,,,,} as

{t : =STOP and i* € Mw/ul and 3i € Mw/m : Cé/n(Ti* (t)) > 16(1w_ 6)}

* %k w—
U {t +~STOP and 1* € M/, and Co/m(Te- (1)) < 77— e)}

< 2iem ., min {h (%5, ») ,min [ e
w/pq

Proof. Cs/m(Ti(t)) < wrtg

Moy, i — (1 — w/m)w = 0, which implies

. Since 1* €

16(1—¢)
)}}
1struewhenT( >h( w - 8

16(1—¢)
i < w. By defmition, w =

l>\—//\
HE
cxb
’—‘9
m
m@
m



217

min(yp;, min(&e, B¢)). Hence, by monotonicity of h(,-),

(i s) [ (g ) (i )
ooy ) e iy ) (.2
< min {h (%, %) , min {h (%/%) h (%jf)e)’ %>} } .

Summing over all i € M, /,,, achieves the desired result. O

6.B.2.3 Step 2: Controlling “crossing” events

Recall that we sample i;(t) € G and L(t) € Ge. In this section, we control the
number of times that i;(t) € M‘;% and i, (t) € Meyy.

To do so, we first decompose the set {t : =STOP and i* € M/, and Cs n (Tix (1)) < 16(;“%)}

as

w

{t : 7STOP and i* € My, ., and Cs/n (Ti(t)) < 16(1—€)

and i;(t) € M2+¥}

w

U {t : =STOP and i* € M/, and Cs/n (Ti+(t)) < 16(1—¢)

and ;(t) € Me+§}

Claim 0: Ht : =STOP and i* € My, /,, and Cs n (Ti+ (1)) < e and 1,(t) € M2+%}‘ <
Tieme , min [h (S5, 3), 0 (55 7).
Proof. Recall that G is the set of all arms whose empirical means exceed (1 —
e)max; [1(Ti(t)), and i;(t) € G by definition. Note that (1 — €) max; {1;(Ti(t)) >
(1 — €) (max; fi;(Ti(t)) — Cs,m(Ti(t))) = L. Hence, if an arm’s upper bound is
below L, then the arm cannot be in G and thus not be i1(t). By the above event,

Cs/n(Ti+(t)) < 1gq=5- Therefore,

> M= +2Cs/n (Ti- (1)) ; i (T (1)) + Cs/m(Tix (1)) = fu(Ta(t)) + Cs/m(Ti(t))

8(1—¢€)
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Z W.

Hence, i« > 1y — 8(1“’Te). Rearranging this, we see that pi~ — (1 — SM(“’TS)) w =0
which implies that i* € M_«__. Hence,

8y (1—€)

Lo = (1= ) (max f(Ti(t)) = Co/n(Te(£)) ) (1 = €) (R (Teo (1)) = Co/m (Te- (1))

WV o

(1—€) (hi- —2Cs/m(Ti- (1))

> (1—¢) <Hi* — —8(102 €)>
> (1—¢) (Hl—ﬁ)

Next, we bound the number of times an arm 1 € M¢ Ly s sampled before its upper
bound is below (1—¢) (ul — ﬁ) Note that Cs /(T (1)) < 3 ((1 —€) <u1 — ﬁ) — ui),
true when T;(t) > h (% <(1 —€) <p.1 — Ml—i)e)) — ui> , %) implies that

A(Ta(1)) + Coyn(Ti(8)) < i +2Co /i (Ti(1)) < (1—¢) (m = ﬁ) < L.

Finally, we turn our attention to the difference (1 — €) (m — ﬁ) — Wi. Recall

that w = max(yu, min(&e, fe)).

(1—¢) (m—ﬁ)—mz(l—e)m—m—iw

1 ~
=(1—e)m —ui— L—LmaX(Yul,min(Oce, Be)).

By definition, B = minieme (1 —€)w — . Hence, min(&e, B)<(1—e)w—
forall i € M¢ Ly Similarly, since i € M¢ +3 by assumption, (1 —e€ — ¥)u; —p; >0,
which rearranges to 3% < (1 — €)u; — ;. Therefore,

1 ~

(1—e)m — 1y — — max(ypy, min(&e, fe)) =

Ay — ey
1 L

(1=l — W) = )

N~
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Hence, by monotonicity of h(,-),

1 w d Ay —ew O
HG (o (kmamtg) ) ) (350

Lastly, as above, since i € M¢_ ,, we have that A; —ep; = (1 —€e)p; — i = %YM-

e+%/

h —Ai_eul,é < min |h —Ai_eul,é ,h m,é .
4 n 8 n 8 'n

Putting this together, if T;(t) > min [h (4551, 2) h (24, 2] theni # i(t) for all

n

Hence,

ie MS Ly Summing over all such i bounds the size of set stated in the claim. [J
We decompose the remaining event

{t : =STOP and i* € My, and Cy/n(Ti- (1)) < ﬁ_e) and iy (t) € Mﬂ}
as

{t : =STOP and i* € My, and Cy/n (Ti- (1)) < ﬁ_e) and i;(t) € M,y
and ip(t) € M,y }
U {t : =STOP and i* € M, /y,, and Cgs/n (Tix(t)) < ﬁ and i1(t) € M,y
and 1,(t) € M;%} .

We proceed by bounding the cardinality of the first set.

Claim 1:

Ht ~STOP and i* € My, and Co/n(Te () < 1o = S and (1) € Moy
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. e — Ay O Y 0
< h —/_ V4 _/_
.me“ s n)h(Snﬂ

Proof. Recall that K = {i: {1;(Ti(t))+Cs/n(Ti(t)) < Ly or {1 (Ti(t))—Cs m (Ti(t)) >
U} is the set of known arms and i, is sampled from G “\K. Hence, if an arm’s
lower bound exceeds U, it must be in K and therefore cannot be i,. Recall that
i*(t) = argmax {1;(Ti(t)) + Cs/n(Ti(t)). By the above event, i*(t) € M/, and

Cs/n(Ti- (1) < 575~ Hence,

w
<M —e—=v) | M=) + )

Next, we bound the number of times an arm i € M€+% is sampled before its lower

bound is above (1 — € — ) (ul + 8(%) Note that Cs/ (Ti(t)) <

€)
: (ui —(1—e—v) (ul + ﬁ)), true when T;(t) >
h <% (ui —(1—e—v) (ul - m—‘ﬁe)» , %) implies that

T(0) = Coyn(Tit]) 5 s~ 2Cs/mTi) > (1= =) [ + g > U

Finally, we turn our attention to the difference p; — (1 — €) ( w + %) Recall that
w = max(yu, min(&e, Be)). Additionally, recall € +vy < 1.

8 1—¢

1

> —(1—e)yy +Ym — gw

= (1 =e=v) (”ﬁﬁ) :Hi—(l—e)ul—l—‘ypl—l(l_ﬁ)w
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Case 1a, w = min(&., ) and i € M:

By definition, &e = miniem, ti —(1—€)p;. Hence, min(&e, fe) < i —(1—€)y
for all i € M.. Therefore,

1

1 e
w— (=€ +ym — gV T Hi— (1—e)m +vm — gmin(“e,ﬁe)

1 .
> max (ui —(1—e)u — gmin(oce, Be),‘}/ul)

> max (g(lli —(1— e)m)mm)

Case 1b, w = min(&,, ) andi € M<N MH%

Since w = max(ypy, min(&e, B¢)), if w = min(&e, ), then 2y < min(&e, Be).
Since min (&, ) = min |u; — (1 — €)W, the set M¢ N M,y is empty and there is
nothing to prove.

Case2a, w =y andi e M,

1 7 7
wi— (1 =€ +vm — gW = Hi— (1—e)m + gYM1 => max (Hi —(1- e)ul,gwl) :
Case 2b, w =yprandi€ Mg N M,y
Forie M{NMeyy, i — (1 —e— ¥)w = 0. Hence, py — (1 — €)py > .
Therefore,

1 7 3 1 1— e —
m—(1—em+ym—gw=pw—(1—eu+gym > gym > max (va,( )4”1 = ) :

Combining all cases, by monotonicity of h(:, ) and symmetry in its first argu-
ment, we see that

1 w 5 : Y b e — Ay 0
13 (e (i) ) ) s (52 0) o (525

Putting this together, if T;(t) > min [h (228, ) 1 (X 3)] theni # ,(t) for all

8 n 8§ 'n

i € M, y. Summing over all such i bounds the size of set stated in the claim. [
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6.B.2.4 Step 3: Controlling the complexity until stopping occurs

In this step, we turn our attention to the final event to control:

8= {t : =STOP and i* € My, /y,, and Cgs/n (Ti+(t)) < @ (6.7)

S T6(1— ¢
and {4 (t) € M,y and p(t) € M€+y}.

For brevity, we will refer to this set as 8 for this step. The objective will be to bound
the time before each arms lower bound either clears U, or its upper bound clears

L; which implies the stopping condition. To do so, we introduce, two events:

B (t) := {00 (Tiy (1) (1)) — Coym Ty (0 (1)) > Uy} (6.8)

and
Ex(t) == {fti,(0) (Tiy(0) (1)) + Co m(Tiy 1) (1)) < Lek (6.9)

If E;(t) is true, then {1;(Ti) — Cs5/n(Ti(t)) > Ly forall i € G. If E,(t) is true, then
fi(T:) + Cs/m(Ti(t)) < Uy for all i € Ge. Hence, by line 6 of (ST)?, if both E;(t) and
E,(t) are true, then (ST)? terminates.

Claim 0: SN {t: —E; (1)} < ZieMHI min [h (288 2) b (X 2]

Proof. Recall that by the set §, we hazve that i;(t) € M, y. Furthermore, by the
set 8, we have that i*(t) € M, /,, and Cs/n(Ti+(t)) < w/16(1 — €). Hence,

U =(1-e—v) (m,ax (T (6) + Co/n(Ta(1))
i )+ Cé/n(T *(t )(t)))

) (R
£
<(l—e—vy (ul +2C5/nT (1))
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If Co/n(T) < 3 (mi— (1—e =) (1 + 5525 ) )
truewhen T, > h (% (ui —(1—e—v) <u1 + 8(1—(25)» ,%),then

w
(i(T) — Coym(Ti) = ui —2Cs/m(T) 2 (1 —e—y) <ll1 + m) > Uy.

The remainder of the proof of this claim focuses on controlling the difference:
uw—(l—e—vy) (ul + 8(1—“_)e)> in the case that w = min(&e, f¢) and w = ypy. Recall

that w = max(yp, min(&, 3¢)). Hence, if any possible i € M.,y has received

sufficiently many samples, since i;(t) € My, this implies E; (t).

Case 1a, w = min(&,, fe) and i € M,
We focus on the difference p; — (1 — e — ) (ul + M%) Recall that e +vy < 1.

€)

hi—(1—e—v) (m + 8(1ui e)) =wi—(1-e—v) (ul +—mgé&_€’£€))

1/1—€e— o«
:M—U—QM+YM—§<fr—l)mmWe&)
— €

v=0and e+vy<1 1 _ -
= Mi—(l—e)ul—gmin((xe,ﬁe)
1 e — Ay
> (i —(1—e)w) = =
S (b — (1= e)m) = <

where the final step follows since min(&e, ¢) < & < ti — (1 — €)py by definition
for all i € M. Then by monotonicity of h(, ),

1 w 1) e — Ay b
h(i (Hi_(l_e_Y) (Hl‘i‘m)),z) gh(T’E)

Lastly, in this setting, yp; < min(&e, fe) < ep; —A; since w = min(&., B¢). Hence,
it is trivially true that

e —Ap b . el —A; b Y 6
h( 1 ,n)_mm{h< i 'n ,h i
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Case 1b, w = min (&, f) andi € M¢ N My
Since w = max (Y, min(&e, fe)), if w = min(&e, e ), then %YM < min(&e, Be).
Since min(&e, fe) = min |y — (1 — €) ), the set M¢ N M,y is empty and there is
nothing to prove.
Case2a, w =y and i€ M,

Next, we bound the difference p; — (1 — e —y) (ul + ﬁ)

w 1/1—-e—vy
i—(1—e— =p—(1— ol
mi—(1—e v)Qu+8U_€J i — (1—e)m + v 8< T )vm

1/1—€e—
>u—(l—e)u+ym (1—3 STy
8 1—e¢

Sincei € Mg, 1y — (1 —€)py > 0. Using this and the fact thate,y > 0and e +v < 1,

1/1—e— 7
mi— (1= +ym (1= () ) = ni— (1= ) + =y
8\ 1—¢ 8

7
> max | — (1 —€)py, gYHh
1
= Emax(e},tl — Ay, Y)

Therefore, we have that

1 w ) e — Ay b
h<§(“i_“_€_”<“1+8(1—e))>’r7>@( 4 ’TT)

Hence,

1 w d . e — Ay b Y 6
~ i 1—e— 7 g A v T 7
15 (e (gt ) ) ) <o (20 ) (05

Case2b, w =y andi e M N M,y
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As before,

w 1/1—e—vy
—(1—e— - J=m—(1- ——
mi—(1—e v)<u1+8(1_€)) i — (1 =€) +vm 8( 1< )wl

Since i € Mg N My, we have that p; — (1 — € — ¥)w = 0. Rearranging implies

that i — (1 — )y > %yul. Hence,

(1— ) + 1/1—e—vy >1 1/1—e—vy S
o 1+ YH1 3 1—e VM/ZVM 3 1—e YH1 =2 SYH1.

Hence,

1 w o 3yw o
(ool ) 0

Additionally, as above, if i € Mg N My, we have that p; — (1 — e — g =0
which implies that (1 — e)p; — p; < %YM- Hence

h 3Y”1,§ < min |h ﬂ,é h m/é )
8 'n 4 n 4 'n

Therefore, if T; exceeds the above, then E;(t) is true for an i; € M< N MH%. Com-

bining all cases, we see that for i; € Mciy, if

- e — Ay b Y b
S e

Then E4(t) is true. Summing over all possible i; € M., y proves the claim. H
Claim 1: [8N{t : B4 (t)}N{t : ~E2(t)}] < Xicpme , min [h (S48 2) h (v 3]
ety

Proof. By the events in set 8, Cs /n (Ti+(t)) < ﬁ. Therefore,

€
> Ui +2Cs/m(Ti- (1)) = fui- (Tis (1)) + Com (Tix (1)) = 1 (Ta(t)) + Csm (T
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Hence, pi+ > i — S(f"j. Rearranging this, we see that p;- — (1 — = ) w =0

8ui(l1—¢)
which implies that i* € M_«__. Hence,
By (1—¢)

Lo = (1— &) (maxi(Ty(t) = Co/n(Ti(1))) (1 = €) (- (Tie (8)) = Co/n(Tee (1))

WV o

(1—€) (ni- —2Cs/m(Ti- (1))

> (1—¢) (Hi*—ﬁ>
> (1—¢) <M1—4(1L_€))

As before, we seek a lower bound for the difference (1 — €) <u1 — ﬁ) — M.

Case 1: w = min (&, B¢)
(=) (1 gy ) ~ b= (1= € — s~ ymin(ie B

> - ((1T—e)u — i)

N =

since (1 — €)w; — Wi = min(&e, fe). Therefore, we have that

1 w d Ay —epy O
N

Lastly, in this setting, yp; < min(&e, fe) < ep; —A; since w = min(&., B¢). Hence,
it is trivially true that

Ai—ew 0\ . Ay —epy 6 Y
h( 1 ,n)—mm{h( 1 'n)'h< ik

Case 2: w = v

Assume that yp; > min(&, ), as equality is covered by the previous case.
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Hence,

1

(1—e¢) (m—ﬁ)—ui=(1—€)u1—ui—1vu1

Recall that we seek to control i, € M¢ | ¥ Forany i € M¢ y we have that (1 — € —

) — i > 0. Rearranging, we see that (1 — e)p; — py > %yul which implies that

(1 —e)pr — mi).

NI~

1
(1—e)pu — i — Rl >

Therefore, we have that
1 w ) Ai — €W o
~ - — 4 N - i, 7 - < h —I -
n(z (-0 (n-grey) —w) ) <n (250)
is this setting as well. Similarly, since A; — epy > %yul, we likewise have that

h —Ai_eul,é < min |h —Ai_eul,é ,h m,é .
4 n 8 n 8 'n

Hence, if T; exceeds the right-hand side of the preceding inequality, then for any
ie M€ its upper bound is below L. Hence, for i,(t) € M¢ this implies event

e+%/ e+3’
E>(t). Summing over all possible values of i,(t) € M¢ +y proves the claim. O]
Claim 2: The cardinality of § isbounded as|8| < }_{"; min [h (%, 2y, h(¥, 2)].

Proof. First, § may be decomposed as
SI=I18n{t: =B (O} +ISN{t: Ea(t)yn{t: ~Ea(t)) + I8 N{t: By (t)) N {t: Ex(t)]

Note that [S N {t : E{(t)} N {t : Ex(t)}] = 0 because we have assumed in set 8
that (ST)? has not stopped, and {t : E;(t)} N {t : E5(t)} implies termination. By
Claim 0, [§ N{t : "E1 ()} < 2 iem oy min [h (Wl—*Ai é) h (m g)} By Claim 1,

4 n 4 ’n

IS N{t:E ()} N{t: “E2a(t)} < ¥ icpme . min [h (S8 2) 1 (X4 3)] Recalling
e+%

n

that h is assumed to be symmetric in its first argument and summing the two terms

proves the claim. O
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6.B.2.5 Step 4: Putting it all together

Recall that the total number of rounds T that (ST)? runs for is given by T = [{t :
—STOP}|. To bound this quantity, we have decomposed the set {t : =STOP} into
many subsets. Below, we show this decomposition.

{t : =STOP} =
{t: =STOP and i* ¢ M/, )

o{e

U

U

U

{
{
{

t

t

t

: =>STOP and i* € M/, and Cs  (Ti+ (1)) <

: =STOP and i* € M/, and Cs n (Ti+ (1)) <

: =STOP and i* € Mw/p.l and Cé/n(Ti* (t)) <

: =>STOP and i* € My, /y, and Cs  (Ti+(t)) > L}

16(1 —¢€)
and 1;(t) € M¢ }

e—!—%

v
16(1— ¢)
w

m and ll(t) S M€+%

and 1,(t) € M€+%}

w

m and ll(t) S M€+Y

and i,(t) € ME%}.

Hence, by a union bound and plugging in the results of the above steps,

|{t : =STOP}| <
|{t: =STOP and i* ¢ M, /,,,}

+

_|_

{
{
{
{

t:

t:

t

t:

: =STOP and 1" € My, /y,, and Cs/n (Ti-(t)) <

—STOP and i* € My, /,, and 3i € M,/ & Com (Ti(t)) > ﬁ}‘

—STOP and i* € My, and Cg/n (Ti- (1)) <

€+7

w . c
mandll(t)eM Y}‘

w

m and ll(t) S M€+%

and 1,(t) € Meyy H

w

~STOP and i* € May, and Co/n(Tee(t) < fo—5

and {1(t) € My
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[ (A —ew O
h —|,h| —
+ Y min ( ch ) (8,
1€M§+1 )
2
[ (em—AL B Y 6
E h{——,—|,h|—,—
+_ min ( 3 'n)' ( 3
1€M€+Y -

(e<1/2) &L Y 8 , A; b min(&, Be) 8
< Rt a -t - o rerbe) 7
< me{h(m,n),mm [h(16’n)’h< 6(1_c) 'n

h

Next, by Lemma 6.33, we may bound the minimum of h(:, -) functions.
—em O\ A; B min(&e, fe)
4me{max{ ( n),mm{h(m,n),h( 16(1—¢) 'n ,
Y 6
(e n)}

i Ai—ep.i )
=4 i h| ————, —
;mln {max{ ( 16 ,n> ,
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Ay 8 & 5 Be b
i h' PR N h T 71 N/ /h T 71 N/ ’
mm{ (16 n) ma"{ (16(1—e) n) (16(1—e) n>H}
yui 6
h ,—
(Yo}
= Ai —epy d
<4 i h - 4, 7 __ |
;mm{max{ ( T n)
(At 8 | (At s
32 'm)’ 32 ’'m ’
Y 0
n( X2
()}
b Ai —ep; 8 Ai+ 2= 5 Ai+16f 5
—4Y mi RS0y Tiiie 2 (e O
;mm{max{ ( 16 'n)' < 32 'n)' ( 2 ‘n)(’
YHi b
h ,—
(Yo}
Finally, we use Lemma 6.32 to bound the function h(,-). Since 4 < 1/2, §/n <
2e~¢/2, Further, ey — Ai| < 8 for all i and e < 1/2 implies that ﬁ!eul — A <2

and 8(11T€) min(&e, fe) < 2. Ay < 16 for all i, gives 0.125A; < 2. Lastly, y < 16/
implies that % < 2. Therefore,

N A —epy A+ 5 A+ £ 5
4 (2 0 (2T ie 0) p(ZiTie ©
;mm{mx{( 16 n)( 32 n>< 32 'n)(’
Yii O
h _
(23]
b 1024 n 3072n
<4 mi 102 g (og, (2t )Y,
;mm {max{(eul—Ai)z Og( 5 8 <6(eu1—Ai)2))
40% (o 12288n
(A + 2 8\ s B\ 5a ) )

€ €

109 | (on 12288n
(At o o\ 8 %\ g(a+ fuy

maXx
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1024 o 2_n o 3072n
vig o\E B sy
= 1024 2n 3072n
=4 min < max log [ — lo ,
; { {((1_€)H1_H1)2 g( 6 gz (6((1—€)H1—u1)2>)
4096 o Z_nl 12288n
(w1 + 725 — m)? E\5 % S +£2<)2 ) )7
4096 12288n
log ( log, ( )) } ,
( 1e ) 5(H1+1€—M1)

1024 (2 (30720
vag B\ R\ eynd) ) f

The above bounds the number of rounds T. Therefore, the total number of

samples is at most 3T. O

6.C Proof of instance dependent lower bounds,
Theorem 6.4

First we restate and prove the lower bound.

Theorem 6.11. (additive and multiplicative lower bound) Fix 8, € > 0. Consider n arms,
such that the " is distributed according to N(wi,1). Any 8-PAC algorithm for the additive
setting satisfies

n 1 1 1
T >2 ) max , 1o (_)
izl {(Hl—€—ui)2 (P«l"‘(xe—ui)Z} & 2.46

and if wy > 0 any 8-PAC algorithm for the multiplicative algorithm satisfies,

n 1 1 ,
=2 , _ 1 _—
e ;max { (1—e)m —p)? (m+ s — Hi)z} 8 (2.46)

Proof of Theorem 6.4 in the additive case. Recall thatv denotes the given instance, and
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without loss of generality we have assumed that iy > pw, > -+ > p,. Then
Ge(v) ={1,---,k}. Consider the event E that an algorithm returns {1, - - - , k}. For
any 0-PAC algorithm, E occurs with probability at least 1 — 5. For each arm i € [n]

we consider two alternative instances

vi={w, -, u, 0, Ut

and

v ={u, ol

such that only the mean of arm i differs compared to v but G¢(v) # Ge(v{) and
Ge(v) # Ge(v{). Therefore, on these alternate instances, E occurs with probability
at most 6.

For v[,ifi <k, letu =y —e—mn. Theni € G¢(v) buti ¢ Ge(v]). Ifk <nand
i>k+1letu =p —e+mn. Theni ¢ Ge(v) butie Ge(v]).

More subtly, for v/, for any i € [n]\{k}, let &{ = px + € +n. In particular, arm i
is now the best arm. Under this definition, !’ — € > py. Therefore, k ¢ G¢(v{’) but
k € Ge(v).

The above holds for all 1 > 0. Let N; denote the random variable of the number
of samples of arm i and [E, denote expectation with respect to instance v. Using
the fact that we have assumed the distributions are Gaussian, considering v/, by
Lemma 1 of ( ), taking 1 — 0 we have that for any 5-PAC
algorithm,

2log(1/2.45)
SN T e
Furthermore, considering v!’, and again taking 1 — 0, we have by the same lemma
that for i # k

B[N > 2log(1/2.45) 210g(1/2.46))2,

(mc+e—m) (m+oe—1y
where the later equality holds since pyx + € = p; + . by definition of x.. Fori =k,

note that m = o%% = é = m since Ke = miniege W — (]Jl — €) =
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min;icg, € — Aq. Putting these pieces together, we see that for any i,

1 1
(b — (1 — €)) (e + € — 1)

E, [N;] > max ( 2) 2log(1/2.43).

Summing over all i establishes a lower bound in the additive case. O

Proof of Theorem 6.4 in the multiplicative case. Recall that v denotes the given instance,
and without loss of generality we have assumed that p; > p, > --- > p,. Let
Me(v) ={1,---,k}. Consider the event E that an algorithm returns {1, - - - , k}. For
any 0-PAC algorithm, E occurs with probability at least 1 — 8. For each arm i € [n]

we consider two alternative instances

V{:{Hlf"'/H{;"',Hn}

and

Vi ={uy,ul )

such that only the mean of arm i differs compared to v but M(v) # M, (v{) and
M (v) # Mc(Vv{'). Therefore, E occurs with probability at most 6 on these alternate
instances.

For v[,ifi <k, letu{ = (1 —e —m)wy. Theni e M (v)buti ¢ Mc(vi). Ifk<n
andi>k+1,letu! =(1—e+n)u. Theni¢ Mc(v) butie Mc(v]).

More subtly, for v{/, for any i € [n]\{k}, let p{" = ;=&
now the best arm. Under this definition, p’ — e > py. Therefore, k ¢ M. (v{’) but
k € M (v).

The above holds for all 1 > 0. Let N; denote the random variable of the number

In particular, arm 1 is

of samples of arm i and E, denote expectation with respect to instance v. Using
the fact that we have assumed the distributions are Gaussian, considering v;, by
Lemma 1 of ( ), taking n — 0, we have that for any §-PAC

algorithm,
2log(1/2.46)  2log(1/2.4%)

E,[N;] > = )
N:] > (hi — (1 —€)uy)? (e — Ay)?
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Additionally, by the same Lemma, considering v;’ and again taking 1 — 0 we have

that for i # k

BN > 2108(1/248)  2log(1/240)

2 ; 2’

(b — %) (b1 + 1% — )
where the later equality holds since % = p; + %< by definition of &.. Next recall
that & := miniem, i —(1—€)u; = pe—(1—€) g, we have that py = &+ (1—e€)py.

Hence, %< = y; + %= Then, fori =k

/7 1—e 1—e

1 1
< ==
(e —w)®  (e—(1—em)* &
X &
— &e < R — = — = —— + Ay
1—e 1— 1—
(A0) &
x=0) . < €
1—¢

which is always true since € > 0. Therefore,

1 1 1
= max , )
(e — (1 — €)py)? <(Hk—(1—€)ul)2 (s —uk)2>
Hence, for all arms 1,
E.[N:] > 2max 1 1 log(1/2.45)
e (== (ot 2= )7 o

Summing over all i gives a lower bound for this problem in the multiplicative
case. O

6.D Theorem 6.7: Lower bounds in the moderate

confidence regime

In this section, we prove a tighter lower bound that includes moderate confidence

terms independent of the value of 6 similar to those that appear in the upper bound
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on the sample complexity of FAREAST, Theorem 6.8.

Outline. To give a tight lower bound in the isolated setting, we break our
argument into pieces performing a series of reductions that link the all-e problem
to a hypothesis test, and then the hypothesis test to the problem of identifying the
best-arm.

Step 1. Finding an isolated arm. We first consider the following problem.
Imagine that you are given an isolated instance, depicted in Figure 6.D.1b where
there are n distributions, with one of them at mean 3 and the rest with mean —f3.
Theorem 6.15, captures the sample complexity of any algorithm that can return i*
with probability greater than 1 — 3.

Step 2. Deciding if an instance is isolated. We then consider a composite
hypothesis test on n distributions where the null hypothesis, Hy, is that the mean
of each distribution is less that —3 and the alternate hypothesis, H;, is that there
exists single distribution i* with mean (3 and the remainder have mean less than
—p (i.e. the instance is isolated). In Figure 6.D.1, we show a picture of an instance
where the null is true and where the alternate is true. In Theorem 6.19 we lower
bound the complexity of performing this test. To link this to Step 1, we show that if
you can solve this composite hypothesis test then you can find i*, hence the lower
bound of step 1 is a lower bound for the hypothesis test.

Step 3: Reducing ArL-€ to Step 2 Finally in step 3 we link this to the all-e
problem. Using the above, we lower bound the complexity of arL-e in Theorem 6.7
when |Gy | = 1. The key insight of our proof is that any algorithm that can solve
the aLL-€ problem can be used to solve the hypothesis test in Step 2.

6.D.1 Step 1: Finding an Isolated Arm

Fixn € N, 0 < B, and 6 > 0. We refer to a -isolated instance v ={p1,--- ,pn}, as a
collection of n, Gaussian distributions with variance one satisfying two properties.
Firstly, there exists a single arm i* € [n] with p;- = N(3,1). We refer to this as the
isolated arm. Secondly, for i # i*, p; = N(u, 1) Vi € [n]\{i*} have means u; < —f3.
We introduce the additional notation A;; = p; — .
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(a) A non-isolated instance (Hg is true)  (b) An isolated instance (Hy is true)

Figure 6.D.1: Example of an isolated and non-isolated instance

Lemma 6.12. Fixn, 0 < 3 and consider a set v of n. Gaussian random variables such that
for a uniformly random chosen i* € [n], pi~ = N(3,1) and p; = N(py, 1) for g < — for
all 1 # i*. Any algorithm that correctly returns i* with probability at least 1 — 6, pulls arm

i* at least ,
times in expectation.

Proof. Consider the oracle setting where the value of i* is known and the algorithm

only seeks to confirm that pi- > —f3. Lemma 1 of ( ) implies that

1

any 5-PAC algorithm requires at least 557 log(1/2.48) samples in expectation. [

The above bound controls the number of samples that any algorithm must
gather from i*, and is independent of n. The proof considered an oracle setting
where the value of i* is known, and one only wishes to confirm that p;- > —f3
with probability at least 1 — 6. To lower bound the number of samples drawn
from [n]\{i*}, we need significantly more powerful tools. In particular, to rule out
trivial algorithms that always output a fixed index, we consider a permutation
model, as in ( ); ( );

( ); ( ). Informally, we consider an additional

expectation in the lower bound over a random permutation 7 of the arms where 7
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is sampled uniformly from the set of all permutations. In particular, we with use
a Simulator argument, as in ( );

( ). In what follows, we will let 7t : [n] — [n] denote a permutation selected
uniformly at random from the set of n! permutations. For instance v, let 7t(v)
denote the permuted instance such that the i distribution is mapped to 7(i), by a
slight overloading of the definition of 7t(-). In what follows, we proceed similarly to

the proof of Theorem 1 in ( ).

Theorem 6.13. Fixn, 0 < 3, and & < 1/16 and consider a set v of n Gaussian random
variables with variance 1 such that for i* € [n], pi~ = N($,1) and p; = N(w, 1) for
wi < —P forall i # i*. Let 7t be a uniformly chosen permutation of (n] and 7t(v) be the
permutation applied to instance v. Let T be the random variable denoting the total number
of samples at termination by an algorithm. Any 5-PAC algorithm to detect 7t(i*) on t(v)
requires

1 1
BB M= — Y
o [T] 16Z,A?*k

k#£Le Uy

samples in expectation from arms in n]\{i*}.

Proof. Fix a permutation 7t. Let 7t(v) be the permutation applied to v and 7t(i) be the
index of i under the permuted instance, 7t(v). Let A be any algorithm that detects
and returns 7t(i*) on nt(v) with probability at least 1 — 6. We will take P4 and E 4
to denote probability and expectation with respect any internal randomness in A.
Throughout, we will take p; = N(p;, 1) to denote the i" distribution of v. pi- > 0
and p; < 0 for all i # i*. Additionally, let Ay; = p; — 1y

Fix k # i*. To bound the necessary number of samples for arm k, we turn to
the Simulator (2017). We begin by defining an alternate instance

vy =1{p1, - ,PnJ)as

pj/ )7&1*
pj=1{px j=i
pi*/ ):k‘

Note that vy is identical to v except that the distributions of i* and k are swapped.
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Let E be the event that A returns 7(i*). We may bound the total variation
distance between the joint distribution on A x 7t(v) and A x 7t(v; ) as

TV(]P)AXT[(V)/P.AXT[(‘V{{)) - SUP‘PAXn[V)(A)_Pﬂxn(v{{)(A”
A

IPaxr(v)(E) = Paxn(vi)(E)]
1—26.

VoWV

Let O denote the multiset of the transcript of samples up to time t.
Qi={isen]forl <s <t}

and define the events

Wj(o—t) = { Z I(i. =j) < T}

i€y

for a T to be defined later. With the definitions of W;(();), we define a simulator
Sim(v, Q) with respect to v. Let Sim(v, Q); denote the distribution of arm i on
Sim(v, Q).

pj, ifj ¢{i" k}
Sim(v, Q)5 = { p;,  ifj € {i*, k}and Wi- (Q¢) N Wi (Qy)
pi-, ifj € {i*, k}and (Wi-(Q¢) N Wi (Q4))€

Furthermore, we define Sim(v,, Q) with respect to v;, as
o, ifj ¢ {i", k)
Sim(vy, Qu)j = ¢ pf,  ifj € {i*, k} and Wi (Qf) N Wi (Qy)
pi-, ifj € {i", k}and (Wi-(Qy) N Wi (Qy))¢

For ease of notation, let Sim(7t(v), QO;) be the same simulator defined on 7t(v) and
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with respect to events W (i+)(Q) and W (x)(Q¢). Note that in the simulator of v;,
if (Wi-(Qy) N Wi (Qy))€ is true, then i* and k draw samples according to instance

/
v not v,.

Definition 6.14. (Truthfulness of an event W, ( )) For
an algorithm A, we say that an event W is truthful on a simulator Sim(n) with respect to
an instance 1 if for all events E in the filtration Fv generated by playing algorithm A on

instance n
PL(ENW) = Pgjp) (EN W)

By our definition of both simulators, if (Wi-(Q¢) N Wi (Q4))¢ is true, then
Sim(v, Q)i = Sim(vy, Q); Vi € [n]. Contrarily, if Wi-(Q) N Wi (Q,) is true,
then Sim(v, Q) = v and Sim(v;, Q) = v;.. Similarly, on Wy i+)(Q¢) N W) (Qy),
Sim(m(v), Q) = n(v) and Sim(nt(vy ), Q) = 7(v;). Therefore, by the proof of Theo-
rem 1 of ( )y W) (Qy4) is truthful on Sim(7t(v), Q)
and W (i+)(Q¢) is truthful on Sim(7t(vy,), Q).

Let i be the arm queried at time t € N by A. Following the proof of Theorem 1
of ( ), we may bound the KL-Divergence between
Sim(7t(v), Q) and Sim(7t(vy,), Q) as

]
max 3 KL (Sim(n(v), {is)iy), Sim(n(v}), {is})
=1

< TKL(7U(V) ey, 7TV ) re(iey) + TKL(TU(V) ey, 7T (Vi) (k)

2 2
2 2

_ 2

= TAL .

For any instance 1, an algorithm A is defined to be symmetric if

Pan((iy, - i1) = (I, I1)) = Pa ey ((t(1), - - -, m(ir)) = (m(Ta), - -+, (I7)).

Semantically, this implies that the proportion of times A pulls any arm i on the
non-permuted instance 1 is the same as the proportion of times it pulls 7(i) on the
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permuted instance, 7t(n).

In particular, the expected complexity of a symmetric algorithm is independent
of the permutation 7t. By Lemma 1 of ( ), if any algorithm
B (not necessarily symmetric) achieves an expected stopping time T where the
expectation is taken over all the randomness in the permutation and in the instance,
then there is a symmetric algorithm that achieves the same expected stopping time.
Hence, we may assume that A is symmetric and capture the same set of possible
stopping times. If A is not symmetric, we may form an algorithm A’ by permuting
the input, passing it to A, getting the output of A on the permuted input, and then
undoing the permutation before return an answer.

Since Wy (k) (Q¢) and Wy (i+)(Q4 ) are truthful on Sim(7t(v), Q) and Sim(7t(vy, ), Q)
respectively, by Lemma 2 of ( ), we have that

P (v) (W) (Q1)) + P, vy (Wi (Q4))
2 TV(P.A,T[(‘V)I]PA,T[(V{()) - Q (KL(Slm(ﬂ(V)/Qt)/Slm(ﬂ(yé)/ﬂt)))

for Q(x) = min{l —1/2e7, \/x/2}. Since A is symmetric, for any permutation 7,
we have that
IP)A,T[(V) (Wn(k) (Qt)) + PA,T((V{{) (Wn(i*) (Qt))

=Pay(Wi(Q)) + P (Wi (Qr)) = 2P, (Wi (Qy)).

The first equality holds since event W; depend only on the number of times that
arm 1iis pulled. Since A is symmetric, the probability that A pulls arm i at most t
times on instance v is equal to the probability that A pulls 7t(i) at most T times on
instance 7t(v). The second equality is true using symmetry as well since instances
v and v, are themselves equal up to a permutation.

Combining the above with the previous bounds on the total variation and KL
divergence, we have that
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Pasv(Ni > 1) =Pauy (Wi(Qy)) >

N[ =

TAZ,
1285 — 4 —=k
\/ 2

Plugging in T = 1/(2A%. ), we see that P (N > 1/(2A% ) > 1/2(1/2 — 23).
Since k was arbitrary, we may repeat this argument for each k in [n]\{i*}. Combining

this with Markov’s inequality, we see that

1 1
Easw | )_N| > (1/2-28) ) —
k#£i* kA1 i* k
1 1
> 62w
16 == A

where the final inequality follows from & < 1/16. The above holds for any 6-PAC
algorithm A. O

We now state our strong lower bound on the expected number of samples for

any algorithm that can find an isolated arm.

Theorem 6.15. Fixn, 0 < 3, and & < 1/16 and consider a set v of n Gaussian random
variables with variance 1 such that for a uniformly random chosen i* € [n}, pi~ = N(f3,1)
and p; = N(wi, 1) for i < — forall i # i*. Let t be a uniformly chosen permutation
of (n] and mt(v) be the permutation applied to instance v. Any 5-PAC algorithm to detect
nt(i*) on m(v) requires
I 2 ék + 2%52 log(1/2.435)

samples in expectation, where the expectation is taken both over the randomness in the
permutation, the randomness in 7t(v), and any internal randomness to the algorithm.

Proof. By Lemma 6.12, arm i* must be sampled T log(l /2.45) tlmes By Theo-

rem 6.13, arms in [n]\{i*} must collectively be sampled & >~ i A2 times. Joining
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these two results gives the stated result. O

6.D.2 Step 2. Deciding if an instance is isolated

Next, we consider a composite hypothesis test that is related to the question of
finding an isolated arm. As we will show, this test has the interesting property that
the alternate hypothesis may be declared in significantly fewer samples than the
null.

Definition 6.16 (3-Isolated Hypothesis Test). Fix 0 < e and 0 < (3. Consider an
instance v ={p1,- - - , pn} where p; = N(ni, 1). By sampling individual distributions p;,
one wishes to perform the following composite hypothesis test:

Null Hypothesis Hy: 1y < —p forall i € [n].

Alternate Composite Hypothesis Hy: 3i* : pi- = 3 > 0and wy < —f for all
i1

For any instance v, we say “Hj is true on v” if 3i* : g« = 3 > 0 and otherwise
we say “Hp is true on v.” Next, we bound the sample complexity of any algorithm
to perform the 3-isolated hypothesis test with probability at least 1 — & in the case
that Hy is true.

Figure 6.2 shows an two example instance. One where Hy is true and one where

H, is true.

Lemma 6.17. Fix n, 3, and & and consider a set v of n standard normal random variables
where Hy is true. Any algorithm to correctly declare H in the (3-isolated hypothesis test
problem with probability at least 1 — & requires

= 2 1
2o (255)

samples in expectation.

Proof. Notice that for each i € [n], we may construct an alternate instance v; by
changing the distribution of p; to be N(f3,1) and leaving others unchanged. On
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vi, Hp is instead true. To distinguish between v and v;, necessary to declare H,
versus H;, by Lemma 1 of ( ), any 6-PAC algorithm requires
E,[N;] > (ﬁ_zﬁ log(1/2.48) where E, denotes expectation with respect to the
instance v and N; denotes the number of samples of arm i. Repeating this argument
for each i € [n] gives the desired result. O

To lower bound the expected sample complexity of any algorithm to perform the
B-isolated hypothesis test in the setting where H; is true, we consider a reduction
to the problem studied in Step 1, Section 6.D.1. For the reduction to an algorithm
that can find an isolated arm, we show that if there is an algorithm to declare H;
in fewer than O <Z?:1 ﬁ) samples, then one can design an algorithm akin to

n 1
—E

binary search that returns i* in fewer than O <Z ) samples, contradicting

Lemma 6.13.

Lemma 6.18. Fix n, 3, and 6 < 1/16. Let 7t be a random permutation. Consider an
instance v where Hy is true. In this setting, any algorithm to correctly declare Hy in the
(3-Isolated Hypothesis Testing problem on 7t(v) with probability at least 1 — & requires
% 2isie AL samples in expectation.

Proof. Fix 6 > 0 and let i* denote the single distribution such that p;- = N(f3,1)
where 3 > 0. In particular, only i* has a positive mean. Assume for contradiction
that there is an algorithm A(7t(v),$, 3) that correctly declares H; on 7t(v) in at
most 3 2 wris A% samples in expectation with probability at least 1 — 6 on any
instance 7t(v) of n distributions if H; is true. Otherwise, if Hy is true, assume that
A correctly declares Hj in an arbitrary number of samples in expectation, Ny, (V)
lower bounded by Lemma 6.17. As in the proof of Theorem 6.13, if any algorithm
B (not necessarily symmetric) achieves an expected stopping time T where the
expectation is taken over all the randomness in the permutation and in the instance,
by Lemma 1 of ( ), there is a symmetric algorithm that achieves
the same expected stopping time. Hence, we may assume that A is symmetric and
capture the same set of possible stopping times. For the remainder of this proof,
we assume A is symmetric. Therefore, its expected complexity is independent of
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the permutation 7t. Without loss of generality, assume that n = 2* for some k € N.
Otherwise, we may hallucinate (2Mo82(")T — 1) normal distributions, N(—p, 1), and
form an instance v’ comprised of these additional distribution and those in v. If
so, anytime A requests a sample from a distribution in v’\v, draw a sample from
N(—pB,1) and pass it to A, only tracking the number of samples drawn from v.

Step a). In what follows, we use A to develop a method for isolated-arm identi-
fication. To do so, we show that one may use A to perform binary search for the
distribution 1* such that p;» = N(f3,1) and this leads to a contradiction of Theo-
rem 6.13. For ease of exposition, for a set § C [n], let v(8) :={i € §: p;}, the subset
of instance v of distributions whose indices are in 8.

If H; is true on v(S), by assumption, with probability at least 1 — 6, A correctly
declares H; on v(8) in at most 35 3 g\ i+ Ai-x samples in expectation. Similarly,

if Hy is true on v(8), the sample complexity is Ny, (v(8)) in expectation.

Algorithm 7 Binary search for Isolated Arm Identification

Require: 6 >0, 3 > 0, instance v such that Hj is true, algorithm A
1: Let Low =1 and High =n
2: fori=1,---,log,(n) do
3: 1) Choose sets 81, 8 uniformly at random such that 8, U8, = 8,8, N8, =0,
and P(i€ 8;) =P(ie€ §,) forallie §
4: 2) In parallel, run A; = A(v(8),B,6/2log,(n)) and A, =
A(V(SZ)/ B/ 6/2 1082(“))
3) If either terminates, terminate the other
if A, declares H; or A, declares H, then
8§ =28
else
§=28,

10: end if
11: end forreturn i* € § (note: |§| = 1 at this point)

In step 1, we choose 2 random subsets of §, 8; and 8, that partition 8 such that
each arm is assigned with equal probability to either 8; or §, independently.
In step 2) if the loop, we separately run A in parallel on v(8;) and v(8,), each
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with failure probability §/21log(n). We alternate between passing a sample to A,
and to A,.

In Step 3), we terminate A, if A, terminates and vice versa. If, for instance, A,
terminates and declares Hj, we may infer H; on 8,. Alternately, if A, declares H;
on S;, we may infer Hy on S, as there is a single positive mean, p;-. This process
continues until [8;] = [8,| = 1, when there is a single distribution remaining in each.
At this point, if A; declares H;, then the single arm i € §; is the positive mean i*.
Otherwise, the single arm j € 8, is.

First, we show that this algorithm is correct with probability at least 1 — 6. The
algorithm errs if and only if in any round i, either A; or A, errs, each with occurs
with probability at most 5/21log,(n). Union bounding over the log,(n) rounds, we
see that the algorithm errs with probability at most 6. For the remainder of the
proof, we will assume that in no round does either A; or A, incorrectly declare Hy
or H; if the reverse is true for the given instances v(8;) and v(S,).

Now we introduce some notation for the remainder of this proof. As the set
§, 81, and 8, change in each round, let 8(r), 8;(r), and 8,(r) denote their values in
round r forr =1,---,log,(n). Define A;(r) and A, (r) similarly. We stop A;(r) if
A,(r) terminates and vice versa.

Let T, denote the random variable of the total number of samples of drawn in
round r. Let T, ; be the number of samples drawn by A; (1), and T, ; be the number
of samples drawn by A,(r).

Next, define 8*(r) be the set in {81(r), 8,(r)} that contains i*, i.e. let $*(r) denote
81(r) if i* € §;(r) and Sy(r) otherwise for all r. Similarly, let A*(r) denote A, (r) if
i* € 81(r) and A, (r) otherwise. Define T, 4+ to be the random number of samples
given to A*(r). Hence, T, 4- = Ty or Ty 4+ = Ty 0.

By Step 2, A;(r) and A;(r) are run in parallel. Hence, T, ; = T, deterministically.
Furthermore, T, = T, ; + T, deterministically. Therefore,

T+ T T

Tope= A 2 _ T
A 2 2

Therefore, the expected number of samples in round r, taken over the random-
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ness in the set $*(r), the randomness in the instance v(8*(r)), and any randomness
in A*(r) is

Es«(1),..,s*(r),v(8* () [Te] = 2Es+(1),... s (r),v(8* () [Tr,a7]
= 2ES*(1),~--,S*(1‘) [EV(S*(T‘)) [Tr,A*|S*(T)H

) 1 1
:2]E5*(1),...,5*(T) min 3—2 Z AZ. NHO( (S (T’)c))
L jes* (rN{i*}
1 1
< 2Eg+1),...,8+(r) 3—2. > A
| 77 jes iy T
= 2E5*(1),...,g*(r_1) ES* 32 Z I]_ ] c 8 8* (1‘— 1)]]
#1* 'L ]
=2F _l Z]l €8 (r—1)] L
=2BEs:(1)- 801r-1) | 35 2 j A

Therefore, we may bound the expected total number of samples for the above binary
search algorithm to return i* as

log, (n log, (1) 1 1 log, (1) N 1
EZT:ZE[T —6¢ZZZ(><E§_
r=1 jAL* i* — jAL*

However, this contradicts Theorem 6.13 for § < 1/16. Hence no such algorithm A

exists and any algorithm to declare H; on instance v requires at least i e

samples in expectation. O
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Theorem 6.19. Fix n, 3, and & < 1/16 and consider an instance v. If Hy is true on v,
any algorithm requires at least

samples in expectation to perform the (3-isolated Hypothesis Test. If H; is true on v, any

algorithm requires at least

1 1 1 1
12 08 (245) tE 2 A
jA v
samples in expectation to perform the (3-isolated Hypothesis Test.

Proof. If Hy is true for v, the result follows immediately from Lemma 6.17. Oth-
erwise, assume H; is true for v and let i* be the single distribution such that
pi» = N(,1). Similar to the proof of Lemma 6.12, one may consider an alternate
instance v’ where p;- = N(—f3, 1) and all other distributions are unchanged. There-
fore, on v’, Hy is true and any algorithm that is correct with probability at least
1 — & must be able to distinguish between these two instances. By Lemma 1 of

( ), any algorithm that is correct with probability at least 1 — &
must therefore sample i* 262 log (555 ) times in expectation. Combining this with
the result of Lemma 6.18, any algorithm that is correct with probability at least
1 — & must collect at least

1 1 1 1 1 1 1 1
max {3_2#Z A2 2p? log (m)} 4p? 18 (2 45) T4 Z Az

samples in expectation. O

6.D.3 Step 3: Reducing ALL-€ to isolated instance detection

In this section, we prove that for any instance v for arr-e such that |Gg_(v)| =1
requires atleast O (Z;; ﬁ) samples in expectation. To do so, we prove a reduction
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from finding all e-good arms to the B-Isolated Hypothesis Testing. In particular,
we show that if one has a generic method to find all e-good arms (with slack y = 0),
then one may use this to develop a method to perform the 3-Isolated Hypothesis
Test. Therefore, lower bounds on the this test apply to the problem of finding all

e-good arms as well.

Lemma 6.20. Fix § < 1/16,n > 2/5, ¢ > 0, 3 € (0,€/2). Let v be an instance of n
arms such that the i" is distributed as N(wi,1), |Gap. | = 1, and there exists an arm in G
such that @y — € — w; = 3. Select a permutation 7 : [n] — [n] uniformly from the set of
n! permutations, and consider the permuted instance 7i(v). Any algorithm that returns
Ge(m(v)) on (V) with correctly probability at least 1 — & requires at least

1 « 1 1
6_4Z 462 log <245)

i=2
samples in expectation taken jointly over the randomness in v and 7.

Proof. Fix0 < 8 <1/16,n >2/5,e¢ > 0,0 < 3 < €/2, and an arbitrary constant
c € R. Consider a given instance v = {py, -, pn} such that 3 € {—f,3}, and
W, -, Hn < —PB. We wish to perform the -isolated hypothesis test on 7(v).
Assume for contradiction that there exists a generic algorithm A(v’, €,8) such

that if given a generic instance v’ where |Gy (v')| = 1, it returns G¢(v’) with

n
1=

probability at least 1 — & in at most ) Ai% samples where 1] is the largest mean
in v’. Algorithm 8 uses A to perform the hypothesis test.

Note thatasn > 2/6, P(1 = 7t(1)) < /2. The method replaces p; with N(c—e, 1).
All other means p; are shifted up by c. The test then runs A on this new instance v’
with failure probability 6/2. If Hy is true on 7t(v), all distributions have means less
than —f3, and 1 therefore is e-good on instance v'. If H; is true on 7t(v), then pr1) =
N(B,1) and 1 is not e-good on instance v’. This method correctly performs the test
if 1 # 7t(1) and A does not fail, the joint event of which occurs with probability at
most 25. Therefore, this test is correct with probability at least 1 — 5.

Let T4(v’) denote the random variable of the number of samples drawn by A

on instance v’ and let T denote the random variable of the total number of samples
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Algorithm 8 Using All-e for 3-isolated hypothesis test

Require: 8 >0,e >0,0< B,Ainstance 7t(v), constant ¢, and algorithm A
1: Step 1: Choose an index i € [n] uniformly
2: Step 2: Let v’ be the instance
v Pr(i) +¢C ifi;féi
N(c—e¢€,1) ifi=1
Stgp 3: G =A(v/,¢,6/2)
if 1 € G then:
Declare Hy and terminate

else

Declare H; and terminate
end if

drawn by this procedure before it terminates and declares Hy or H; on v’. Therefore,
Ery[T] =Ery [Ta(v)].

By Lemma 1 of ( ), averaging over all permutations is
equivalent to first permuting the instance v and then passing it to A and undoing the
permutation when returning the answer. We therefore assume that A is symmetric
in that its expected sample complexity of A is invariant to the permutation .
Otherwise, we may use A to form a symmetric algorithm. Therefore, E . [T] =
Env([Ta(v')] =Ey[T4(v")]. By Theorem 6.19, if H, is true,

Hence,
1«1, 1 1
Ev[Ta(v)] > — — + —1 — .
T2 5 ; AL gp2 %8 (2.45>
Lastly, as the constant ¢ was chosen arbitrarily, and 3 is an number in (0, € /2) this
argument applies to any aLr-e instance v’ such that 3. € (0,¢e/2) and |Gy, | =1
for n appropriate choice of c. O
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With the above proof, we restate the following moderate confidence lower bound
on the sample complexity of returning all e-good stated in Section 6.4. In particular,
this bound highlights moderate confidence terms that are independent of 5. Moderate
confidence terms have been studied in works such as ( );

( ). Despite being independent of 9, these terms can have important effects
in real world scenarios. The following bound demonstrates that there are instances
for which moderate confidence terms are necessary for finding all e-good arm:s.
Moderate confidence terms likewise appear in the upper bound of the complexity
of FAREAST, Theorem 6.8.

Theorem 6.21. Fix 6 < 1/16,n > 2/8, and € > 0. Let v be an instance of n arms such
that the i" is distributed as N(ui, 1), |Gap.| = 1, and B < €/2. Select a permutation
7t [n] — [n] uniformly from the set of n! permutations, and consider the permuted instance
nt(v). Any algorithm that returns G(m(v)) on mt(v) with correctly probability at least
1 — & requires at least

n 1 1 1 n 1
c E max , log| — | +¢ E
2121 ((Ml—e—ui)z (Ul"’ae_ui)Z) g<2-45) 2121 (1 + Be — pi)?

samples in expectation over the randomness in v and 7 for a universal constant c,.

Proof. We may equivalently consider the same instance with all means shifted down
by € — 23 since a method for that instance could be used to return all e good arms
in the stated instance. By Lemma 6.20, 02% samples are necessary in expectation.
By Theorem 6.4,

= 1 1 1
2 E max , lo ( )
o ((ul—e—ui)z (uﬁ%—m)) 5\24

samples are necessary in expectation. By Lemma 6.20,

L
64

1 1 1 < 1
_2+4(521°g(245> _42 u1+[3€ TRE 4(521°g(245)

n
i=2 i=2
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1 — 1

6_411 FL1+B€ Mx)

samples are necessary in expectation taken over the randomness in the permutation
and in the instance. In particular, the maximum and therefore the average is a valid
bound. Therefore, any algorithm requires

n

imax : ! lo ( L )+ ! > !
i=1 (u1—e—ui)2’(u1+o¢€—ui)2 & 2.4% 128 4= (11 + Pe — wi)?

i=1

samples in expectation. []

6.E Sample Complexity of finding positive means

Algorithm 6.F.1 builds on a more general idea of finding arms with positive means
quickly. This is the core idea of FAREAST. To show that any arm j & G, it is sufficient
to find any arm i such that p;—p; > € in the additive case and similarly (1—e)u; >
in the multiplicative case. Focussing on the additive case, this is equivalent to
finding any i such that p; — p; — € > 0. Not that neither of these conditions require
itobein G.. If we fix j, we can consider all difference distributions with respect
to any arm i shifted down by e: p; — p; — € and try to quickly find one with a
positive mean. As we show in this section, this can be done in relative few samples
in expectation since we have an easy way to verify if any guess that we make does in
fact have a positive mean. Below we state an algorithm, FindPos, 9, and a theorem
bounding its complexity. The algorithm proceeds in rounds, each consisting of and
explore step and a verify step similar to ( ); ( )-
In the explore step, we make a guess that is correct with constant probability at a
B-good distribution. In the verify step, sufficiently many samples are drawn from
the this distribution to form a 3/2 confidence width with high probability. If the
lower bound exceeds 0, the algorithm terminates. Otherwise, the process repeats.
To account for the fact that 3 is unknown, we make dyadically decreasing guesses

at . In particular, in the k' round, we guess that p > 27*. Similar tools have been
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employed in for pure-exploration the infinite armed bandit literature
( ); ( ). It relies on a generic subroutine called e-GOOD which given
n subGaussian arms, and €, k > 0, returns a single e-good arm with probability

at least 1 — k. Examples of such a routine include LUCB and Median-Elimination

(2012); (2002).

Algorithm 9 The FindPos algorithm
Require: 0 <0 <1/8,0<k<1/16
1: fork=1,2--- do
2: Guess: By =27%

3 1 < €-G0OD(Py, k) > Explore step
4 Sample iy [4B*1log(4k?/8)| times and compute fi;, > Verify step
5: if (i, > %Bk then return i,

6 end if

7: end for

Theorem 6.22. Fix 0 < 6 < 1/8and 0 < k < 1/16 and consider an instance of n
1-subGaussian arms such that the largest mean is 3 > 0, unknown to the algorithm. Let
€ -GOOD be performed by Median-Elimination. With probability at least 1 — 5, FindPos
returns a distribution with positive mean in at most.

1 (log,2/B)
oG+ (50))

To appreciate, the above result, consider an oracle that knows all means, and

samples in expectation.

merely wishes to prove that any arm has a positive mean with probability at least
1—35. If this arm has mean f3, the oracle can simply sample thatarm O(1/B%log(1/5))
times to do so. Naturally such a method is unrealistic, since a practical algorithm
needs to also find an arm with positive mean as well as verify this fact. The above
result states that roughly O(n/p?) samples are necessary to find an arm with
positive mean. In particular, this term exists in moderate confidence, as it vanishes

as & — 0. Hence, asymptotically, FindPos achieves the same complexity as an
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oracle that knows all means! Furthermore, we may also recover the spike detection
problem studied in Appendix 6.D.1. In that setting, exactly 1 arm has mean 3 and
all others have mean 0. A lower bound for that problem, given in Theorem 6.13
indicates that the result of Theorem 6.22 is optimal up to a doubly logarithmic
factor for that problem.

6.E.1 Proof of Theorem 6.22

Now we bound the expected sample complexity of FindPos sample complexity
of. Let uy, - - -, un denote the means of the n arms and p; = max{py, -+, un} = .
Throughout, for any k € N consider the indicator random variable Yy that FindPos

does not terminate in round k or before it. Namely,

k
Yk - m(air(Tr) < Br)

r=1

Additionally, we let T, = [4B*log(4k?/8)| for B = 27*. Let p;(t) denote the
empirical mean of arm 1 after t iid pulls. Let Hye(n, €, k) = [c¢' 25 log(1/k)] be the

complexity of Median-Elimination.

6.E.1.1 Step 0: Correctness

First, we show that with probability 1 — 8, FindPos returns an arm with a positive

mean. Since iy is sampled Ty times, by Hoedffding’s inequality

P(mj (ty) — Hj| > 27K = j) < 12

Next,

n

Py (i) — | > 2751 = ZIP’(Iﬁj(Tk) — > 27 iy = )Py =)
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2Kk?

Therefore, union bounding over rounds k € N,

d
R X

P Ai — Wy >2_(k+1) <
(tL_Jlluk(Tk) i, | e

k=1
FindPos errs if and only if in any round k p;, < 0but fi;, (Ti) > 2px =2~ F". By
the above, this occurs with probability o.

6.E.1.2 Step 1: Bounding E[Yy]

Next, we bound the probability that FindPos proceeds to round k.
—Toe. (2
Claim 1: For k > [log2 (%ﬂ, E Yl < (%)k [tog, (%) ]

Proof. Condition on Yyx_; = 1, the event that FindPos does not terminate
through round k — 1. By Hoeffding’s inequality an a union bound over possible
values of iy, with probability at least 1 — 555, [fi;, — pi, | < 27" and therefore,
i, > wi, —2 "V If Median-Elimination also succeeds, the joint event of which
occurs with probability 22(1 — 52), i, > B —27*. Hence, fi;, > p —27% — 271,
Then fork > {log2 (%ﬂ ,27% < B/2. Hence, f1;, > B/4 > 0and FindPos terminates
and returns iy. In particular, then E[Yy|Yy_; =1] > % (1— % ). Note that if FindPos
terminates in round k, and Yy = 0 for all k’ > k. Since Yy is an indicator random
variable and E[Yy|Yx_; = 0] = 0 deterministically by definition of Y,

ElYi] = E[Yi[Yi—1 = 0IP(Yi—1 = 0) + E[Yi[Yi—1 = 1]P(Yi1 = 1)
=E[ Y1 =1P(Y1 =1)
= E[Yx|Yx—1 = 1P(Yx 1)
[Yie[Yieo1 = TE[Yy 4]
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For k < {log2 ( ﬂ, trivially, E[Y,] < 1. Recall 5 < 1/8. For k > [log2 (%ﬂ,

2
B

k k*[logz(g)—l
Evid< ] (%+2%><(%) o

s:[logz(%ﬂ

6.E.1.3 Bounding the total number of samples drawn by FindPos

Let T denote the random variable of the total number of samples drawn by FindPos.
Claim: E[T] < cgy + 47 log <log2 <%> / 6) for a constant c.
Proof. We may write T as

= 1
T = Z Yk_1 (HME (TL, Z_k, E) + Tk)

k=1
and E[T] as
= 1
E[T] = ElY._ H 2k
[T] ; [kl](ME(Tl 16)+Tk)
since Hyg and Ty are deterministic quantities. We will show that the right side
of the above equation is finite. Hence, the equality is true by the Fubini-Tonelli

Theorem.

This sum decomposes into two terms.

o]

Y EVi] (ti + Hue(n,275,1/16))

—k 2k+2 4K
_ E [V, 1] (HME(n,z 1/16) + {z P1og (T)D

= 2
+ Y EMd (HME(n,z—k,l/mH[zzwlog (%)D
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We begin by bounding the first term.

Llogz(%”

Z E [Yk—l] <HME(T1, ka, 1/16) ’722k+2 IOg <4k2 >—‘ )

k=1

—k 2k+2 4K?
< Z (HME(n,Z ,1/16) + {2 log( )—D

/ 2k 2k+2 4k2
< c'm27log(16) +1+2 log

2 ayy Pl
< log, (E) + (c’nlog(16) +4log (8)) Z 22k

[log> ()]
+8 Y 2%log (k)
k=1

< log, (%) + (c’nlog(16) +4log <%) +loglog, (%)) Z 92k

< log, (%) (c nlog(16) +-4log ( log, (é))) 2. 22log,(%)
<log, (%) B2 (c nlog(16) + 4log < log, <§)>>

Next, we plug in the bound from claim 1 controlling E[Yy].
Using Claim 1, we bound the second sum as follows:

ee]

S ElMey (HME(n, 275,1/16) + [22“” log (%)D

r= [log2 % -‘

00 k—[log,(%)]-1
< ) (é) : (c n2%*log(16) + 1+ 2****1og (4]:))

k= ﬂ"gz(%ﬂ
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1 i-1 ) . > /1 i—-1
= c'nlog(16) (§> 22(i+[logy(3)]) +3 <§)

i= i=1

+13 (3 )'_ T30 1 [ 207 1182 (3)])

i=1

<2+ c'nlog(16) ) p—3t+392(i+logy (§)+1)

i=1

+4ZZ 3i4392(1+ogy (§)+1) 10 : <i+ {Ing (%ﬂ)Z

i=1

27¢'nlog(16) 2! 4
2 (. S (1)) £

i Ews( (1o G)1))

27¢/'nlog(16) 2“1 4
B2 [32 ( )

L 2e - 2
w7 s (v o (5
We may bound the final summand, }_ > ;2 ‘log <i + {log2 (%ﬂ ) as follows:

2 s (1 s (5)[) <8 (5 (7))

<2+

= (*x)

Plugging this back into (%), we have that

7 12 12
(**)<3+%‘)§(16) %21 (4>+%—Zlo (glogz(lﬁif»
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Combining the above with the bound on the first sum, we have that

- “ 1 1 2
ZE [kal] (Tk + HME(T'L, 27k, 1/16)) < ¢ ;L + CH—2 IOg (— 10g2 (—>>
£ pz 2 B \5 B2\p
for a sufficiently large, universal constant c¢”. O

6.F An optimal method for finding all additive and

multiplicative e-good arms

6.F.1 The FAREAST Algorithm

Below, we present an algorithm called FAREAST (Fast Arm Removal Elimination
Algorithm for a Sampled Threshold) that achieves the lower bound when y = 0.
Similar to (ST)?, it relies on anytime-correct confidence widths, Cs(t) := w.
The algorithm proceeds in rounds, and creates a filter for good arms and a filter
for bad arms. The good filter detects arms in G, of M, and adds them to a set Gy.
Similarly, the bad filter detects arms in G¢ or M¢ and adds them to a set By. At any
given time, we may represent the set of arms that have not been declared as either

in G¢/M. or GE/ME as (G U By ). In either the additive or multiplicative case,
the algorithm terminates when it can certify that Ge C Gy and Gy N G¢ ty = (0 or
M. C Gyand Gy N Mg, = (), respectively—i.e., when Gy contains all additive or
multiplicative e-good arms and none worse than (e + vy)-good.

In each round, the bad filter uses MedianElimination ( )
which given an instance v, a value of €, and a failure probability , returns an e-good
arm with probability at least 1 — k. In the k' round, for an arm i in (G, U By)¢, the
bad filter uses MedianElimination to find a2~ * good arm i, with failure probability
k = O(1) and then samples both arms i and i, O(2%¢ log(1/6)) times. Let f1; and 1,
denote the empirical means. For instance, in the additive case, if fL;, —{Li > e+27 %},
we may declare that i € G¢, and the bad filter adds i to the set Bi. This allows the

bad filter to commit to a single arm and sample it sufficiently to remove arms in G¢.
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The good filter is a simple elimination scheme. It maintains an upper bound
U and lower bound L; on p; — €. If an arm’s upper bound drops below L, (line
20), the good filter eliminates that arm, otherwise, if an arm’s lower bound rises
above U, (19), the good filter adds the arm to Gy, but only eliminates this arm
if its upper bound falls below the highest lower bound. This ensures that p, is
never eliminated and U, and L; are always valid bounds This scheme works as an
independent algorithm and achieves the sample complexity as (ST)?, though worse
empirical performance. We analyze this method in Appendix 6.F.5. Indeed, this
gives an additional high probability guarantee on the number of samples drawn by
FAREAST in both the additive and multiplicative regimes. As the sampling is split
across rounds, the good filter always samples the least sampled arm, breaking ties
arbitrarily. The number of samples given to the good filter in each round is such that
both filters receive identically many samples. Note that this is a random quantity
since the number of arms in (G UBy)¢ in round k is random. Despite this, we prove
a lower bound on the number of samples drawn per round which ensures the Good
Filter always receives a positive number of samples in each round. Note that by
design elimination only occurs when all arms in the active set have received equal
numbers of samples. This is crucial as it prevents the good filter from over-sampling
bad arms and vice versa. In our proof, we show that in some round, unknown to the
algorithm, Gy = G, ie all good arms have been found, and this takes no more than
O (X max{(m —e— )% (m + &e — pi) 2} log(n/8)) samples, matching the
lower bound.
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FAREAST
Input: ¢, 5, Instance v, slack y > 0. If multiplicative, e € (0,1/2]
Let Gy = 0) be the set of arms declared as good and By = () the set of arms declared as bad.
Let A = [n] be the active set, N; = 0 track the total number of samples of arm i by the Good Filter.
Let t = 0 denote the total number of times that line 19 is true in the Good Filter.
Let Cs/on (t) be an anytime 6/2n-correct confidence width on t samples.
Let Hvg(n, €, k) = [c’ 55 log(1/k)] be the complexity of MedianElimination.
fork=1,2,---
Let &6y = 6/2K2, Ty = [22‘”3 log (g—:)-‘, Initialize Gy = Gy_71 and By = Byx_;
/I Bad Filter: find bad arms in G¢ or M¢
Let iy, = MedianElimination(v,27%,1/16), sample iy Ty times, and compute {1;,
fori¢ Gy_q1 UBy_1:
Sample ; Tk times and compute [i;
If i, — (i =>e+2 or(l—e)fy, —f>2"*D02—¢):
Add ito By
/I Good Filter: find good arms in G. or M
fors=1,--- ,Hme(n,27%,1/16) + i - (|(Gx—1 UByx_1)¢|+1):
Pull arm I € argminjc4{N;}and set Ny, < N +1.
if minjc 4{N;} = maxjea{N;j}:
t=t+1
For i € A denote {1;(t) the average of the first t samples of arm i.
Let Uy = maxjeq [1i(t) + Cs jon(t) — € or Uy = (1 —€) (maxjeq i(t) + Cson(t))
Let Ly = maxjen f1i(t) — Cson (1) — € or Ly = (1 — €) (maxjea fii(t) — Cs on (1))

foric A:
if [1;(t) — Cs/on(t) = Uy
Addito Gk

if (1;(t) + Cs/2n (t) < Lg: // Bad arms are removed from A
Remove i from A
ifi € Gy and {1;(t) +Cs on (1) < maxjeq 1(t)—Cs/on(t): // Good arms removed
Remove i from A
If AC Gror Gy UBy =[n]:
Output: the set Gy // Stopping condition for returning G. exactly.
IfU — L < gyorlU—L < 7L
Output: the set A U Gy // Stopping condition for y > 0.

The algorithm stops on either of three conditions. First, if Gy U Bx = [n], every
arm has been declared as either in G, or G¢ (or M or M¢). Second, if A C Gy, the
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Good Filter has found every arm in G, and FAREAST can terminate. This is the same
stopping condition as EAST itself. In either case, FAREAST returns the set G, = G,
exactly. The third condition allows for y slack. The good filter maintains upper
and lower bounds U and L; on the threshold in both the additive an multiplicative
cases. In the additive case, if Uy —L; < y/2, then all arms in G¢ +y have been added
to By, and FAREAST may return Gy U A. The condition for the multiplicative case
is similar, though slightly more complicated. Throughout, we will use red text to
denote pieces specific to the additive case and blue text to denote pieces specific to

the multiplicative case.

Remark 6.23. Note that the active set A defined in line 4 of FAREAST is only used and
updated internally by the Good Filter. In particular, it is not necessarily true that (Gy U
By )¢ = A. Furthermore, a bad arm i € GS maybe removed from A even though it is not in
By and vice versa as the Good Filter only seeks to detect good arms in G and the Bad Filter
only seeks to detect arms in GS. The same is true in the multiplicative case.

Remark 6.24. It is possible that when the loop in line 17 finishes in any given round,
some arms in A have received more samples than others. Because I € arg min;c 4{Nj} in
line 18, this difference is no more than 1, and the arms with fewer samples are the first to
be sampled in the next round. The condition on line 19 ensures that all arms have equal
numbers of samples by the Good Filter (e.g., the Ni’s) when the Good Filter identifies
good arms or eliminates arms from A.

Now, we restate Theorem 6.8 for reference.

Theorem 6.25. Fix 0 < €,0 < 6 < 1/8, slacky € [0, 8] and an instance v of n arms such
that max(A;, |e — Ail) < 8 for all i. There exists an event E such that P(E) > 1 — 6, and
on B, FAREAST terminates and returns G such that Ge C G C G4 in at most

= 1 n n
C4me {max { (g —e—)? log (EIOgZ (5(Hl — € — Mi)2>> '

1=
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for a sufficiently large constant c3 where T denotes the number of samples.

Next, we present a theorem bounding the sample complexity of FAREAST for
returning multiplicative e-good arms. Recall that & := miniem, i — (1 — €)py
and fB. := min;,c me (1 — €)uy — p, the distance for the smallest good arm and best

arm that is not good to the threshold (1 — ).

Theorem 6.26. Fix e € (0,1/2], v € [0,min(1,6/w1)), 0 < & < 1/8 and an instance v of
n arms such that max(A;, ey — Ail) < 6. Assume that the highest mean is non-negative,
i.e., wy > 0. There exists an event E such that P(E) > 1— 06, and on €, FAREAST terminates
and returns G such that M. C G C M., in at most

b 1

| n .
B {max { (1o — w8 (Elogz (5((1 — )i — mz)) ’
2108 logz —— ]
(a4 5355 — ) 5 + )2
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samples for a sufficiently large constant cs. Furthermore

n 1 n n
E[1eT] <cq ;max { (1o — )2 08 (g log, (5((1 — e — ui)2>) ’

et
(a + 125 — ) 5 5 (4 % — )
n
NP I ey

—qr.)2
ieEMe 2] F"l)

for a sufficiently large constant ce, where T denotes the number of samples.

6.F.2 Key ideas of the proof

The proof revolves around a central idea: there is an event in unknown round Kgeoq
in which the final arm from G, or M. is added to Gi. We may split the total number
of samples drawn as the number taken through round Kggeoq and the number taken
from Kgooq + 1 until termination if the algorithm does not terminate in round Kgooq.
Note that the Good filter and Bad filter are given the same number of samples
in each round. The proof of FAREAST in the multiplicative regime is similar and
deferred to Appendix 6.F.4.

We begin by bounding the number of samples given to the Good filter when this
event occurs that G, = Ge. Next, since this happens at a random time within round
KGood, We bound the total number of additional samples in this round. Collectively,
this gives us control over the number of samples drawn through round Kgood-

Next, we bound the number of samples from Kgooq4 + 1 until termination. To
do so, we analyze the expected number of samples drawn by the Bad filter before
all arms in G¢ have been added to By. The total number of samples from Kgooq + 1
until termination is no worse than twice this value. The proof is split into 12 steps
and logically are organized as follows:

1. Step 0: We show that Gy C G and By C G¢. In particular, this is implies that
Gk UBx = [n] = Gy = G, so FAREAST terminates correctly.
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2. Step 1: We split the total number of samples drawn by FAREAST into two sums

that we will control individually.

3. Steps 2-4: We control the number of samples given to the Good filter before
Gk = Ge.

4. Steps 5-6: Using the result of steps 2-4, we bound the total number of samples
through round Kgooq

5. Steps 7-8: We use the result of step 6 to bound the total expected number of
samples drawn by FAREAST, simplifying slightly in the process.

6. Step 9: We bound the number of samples that the Bad filter draws in adding
a single bad arm to By.

7. Step 10: Repeating the argument in step 9, for every i € G¢, we bound the
total number of samples from round Kgooq + 1 until termination. We finish
by combining the bound on the number of samples drawn through Kgood
with the bound from Kgooq + 1 until termination. This controls the expected
sample complexity of FAREAST.

8. Step 11: We provide a high probability bound on the sample complexity of
FAREAST.

6.F.3 Proof of Theorem 6.8, FAREAST in the additive regime

Proof. Notation for the proof: Throughout, recall A; = p; — ;. Recall that t counts
the number of times the conditional in line 19 is true. By Line 19 of FAREAST, all
arms in A have received t samples when the loop in line 23 is executed for the t'!
time. Within any round k, let A(t) and Gy(t) denote the sets A and Gy at this time
since both sets can change in lines 27 and 29 and 25 respectively. Let ty denote the
maximum value of t in round k. By Lines 18 and 19 of FAREAST, the total number
of samples given to the good filter when the conditional in line 19 is true for the t'"

time is Z§:1 lA(s)].
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For i € G, let T; denote the random variable of the number of times arm 1
is sampled by the good filter before it is added to Gy in Line 25. For i € G¢, let
T; denote the random variable of the number of times arm 1 is sampled by the
good filter before it is removed from A in Line 27. For any arm 1i, let T/ denote
the random variable of the of the number of times 1 is sampled by the good filter
before f1;(t) + Cs/on(t) < maxjeq {ij(t) — Cs/2n(t). Lastly, let T, denote the ran-
dom variable of the number of times any arm is sampled by the good filter before
U, — Ly <v/2.

Define the event

{ ) ()t < Csan(t )}.

n] teN

Using standard anytime confidence bound results, and recalling that that Cs(t) :=

4log(log,(2t)/5)

n , we have

P(Ef) =P ( U U=l > cmn(t))

i€[n] teN

ZP(U|PL1 H1|>C6/2n > %

teN i=1

Next, recall that {1;(t) denotes the empirical average of t samples of p;. Consider
the event,

B ﬂ ﬂ (s, () = R (1)) = (b, — pa) <276

i€Ge keN

By Hoeffding’s inequality,

P (1(0y (t) — i (i) — (15 — o)l > 27|k =) <
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Then

Therefore, union bounding over the rounds k € N, P(E§) < Y icq. X vy 1oz <
2. Hence, P (&N &) >1-0.

6.F.3.1 Step 0: Correctness.

On £1N¢&,, first we prove that if there exists a random round k at which G, UBy = [n]
then G, = G.. Additionally, we prove that on &; N &, if A C G, then Gy = Ge.
Therefore, for either stopping condition for FAREAST in line 31, on the event &; N &,
FAREAST correctly returns the set Ge.

Claim 0: On &, N &y, forallk € N, Gy C Ge.
Proof. Firstly we show 1 € A for all t € N, namely the best arm is never removed
from A. Note for any i

i+ Csonlt) = w1 = g 2> f1i(t) — Cson(t) > fi(t) — Cson(t) — €.

In particular this shows, {1; + Cs/on(t) > maxicq fli(t) — Cs/on(t) — € = Ly and
fu + Cs/on (t) > maxieq [1i(t) — Cs/on (t) showing that 1 will never exit A in line 28.
Secondly, we show that at all times t, u; — € € [L, U¢]. By the above, since

never leaves A,

Uy = max fi(t) + Csyom(t) —e > fu(t) + Cson(t) —e > uy — €
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and for any 1,
m—e>pi—e>t)—Csponlt)—e

Hence 1 — € > max; f1i(t) — Cson(t) — € =Ly
Next, we show that Gy C G forall k > 1,t > 1. Suppose not. Then 3,k,t € N
and Ji € G¢ N Gk (t) such that,

Wi > 1i(t) — Cspon(t) 2 Uy > 1y — e >y,

with the last inequality following from the previous assertion, giving a contradiction.
[l

Claim 1: On &, N &, forall k € N, By C GE.

Proof. Next, we show By C GE. Suppose not. Either a good arm was added to
the bad set by the bad filter or by the good filter. First, consider the case, that the
bad filter added an arm in G, to By for some k. By definition, By = ) and By_; C By
for all k. Then there must exist k € Nand ani € G, such thati € By and i ¢ By_;.

Following line 14 of the algorithm, this occurs if and only if
L, — > e+27 1
On the event &,, the above implies
My, — Wi +2 5> e+27

and simplifying, we see that € + 27% < p;, — p; < i — pi which contradicts the
assertion that i € G..
Next, consider the case that the good filter incorrectly adds a good arm i € G,

to By in some round k. Then there must be a t € N such that.
81 R 81
i <+ Csom(t) <Le <y —e

which contradicts i € G.. Hence, in both cases By C G¢ for all k. O
Combining the above claims, we see that £,N&; implies (G UByx = [n]) and GyN
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By =0 = Gy = Ge. Since P(&; N &) > 1 — §, if FAREAST terminates, with
probability at least 1 — §, it correctly returns the set Ge.

Claim 2: Next, we show thaton &;, G, C A(t) U G(t) forall t € N.

In particular this implies that if A C G, then G. C G. Combining this with
the previous claim gives G C G. C G, hence G = G¢. On this condition, FAREAST
terminates by line 33 and returns the set A U G = G. Note that by definition,
Ge C G(eqy) forally > 0. Therefore FAREAST terminates correctly on this condition.

Proof. Suppose for contradiction that there exists i € G, such thati ¢ A(t) U
G(t). This occurs only if i is eliminated in line 28. Hence, there exists a t’ < t such
that (i (t") + Cs/n(t’) < Ly. Therefore, on the event &;,

81 81
w—e>Ly= max i(t) — Csm(t') —e > ii(t) + Csm(t) >

which contradicts i € G.. O
Claim 3: Finally, we show that on &y, if Uy — Ly <7v/2, then AU G C G(eyy).-
Combining with Claim 3 that G. C AUG, if FAREAST terminates on this condition

by line 33, it does so correctly and returns all arms in Ge.

Proof. Assume U, — L; < y/2. Since all arms in A(t) have received exactly t
samples, this implies that

(max f(t) + Cs/m(t) —€) = ( max fi;(t) — Cs/n(t) —€) =2C;s/n(t) <v/2.
ieA(t) i€A(t)
Suppose for contradiction that there exists i € G{
Ge NGl
that i € A\G. Therefore, by the condition in line 27, {1;(t) + Cs,(t) > L. Hence,

1y Such thati e AU G. Since
, = 0 and we have previously shown than G(t) C Ge for all t, we have

€

i +2Cs/n(t) 21 f1i(t) + Cs/n(t) > L;. By assumption, we have that U, —vy/2 <Ly,
and the event €; implies that U; > p; — €. Therefore, u; +2Cs/n(t) > Uy —vy/2 >
t — € —v/2. Combining this with the inequality 2Cs ., < /2, we have that

iGG(C€+y)
Y=22Csmt) +v/2>2m—e—wy > vy
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which is a contradiction. O]

6.F.3.2 Step 1: An expression for the total number of samples drawn and

introducing several helper random variables

Next, we write an expression for the total number of samples drawn by FAREAST. In
particular, we introduce two sums that we will spend the remainder of the proof
controlling. Additionally, we show that the conditional in line 19 in the good filter
is true at least once in each round. Based on this, we more precisely define the
random variables T; and T, introduces in the notation section in subsection 6.F.3.
Additionally, we introduce the time T, at which U; — L; < %y.

Recall that the largest value of t in round k is denoted ti. Let E} be the event
that U; — Ly > y/2 for all t in round k:

BV i={U—L¢>v/2:t € (i, il

Note that if E)_, is false, then FAREAST terminates in round k — 1 by line 33. We
may write the total number of samples drawn by the algorithm as

(e¢]

T= ZZE [.A ¢ Gk,1 and Gk,1 U Bk,1 7é [Tl.] and Ez—l]

k=1
(Hve(n,275,1/16) + T + Tl (Gie—1 U Bi—1)¢])

Deterministically, 1 [A ¢ Gy_1 and Gx_1 UBy_; # [n] and E}_|]
< 1[Gr—1 UBy—1 # [nl]
Applying this,

_—|
A
M

21 [Gk,1 U Byx_1 75 [Tl]] (HME(TL, 27k, 1/16) + Ty + Tk|(Gk71 U kal)cy)

~
I

I
M2

21 [Gx—1 # Gl 1 [Gy—1 UByx_1 # [n]]

=~
N

(Hme(n,27%,1/16) + Ty + Tl (Gi—1 U Bye—1)¢|) (6.10)
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[o¢]

+) 206kt =Gel 1[Gk UBk1 # [nl]

k=1

(Hme(n,27%,1/16) + Ty + Tl (Gi—1 U Bye—1)¢|) (6.11)
In round k, line 18 of the Good Filter, whereby an arm is sampled, is evaluated
(Hme(n,27%,1/16) + Ty 4+ Tl (Gr—1 U Be1)¢l) = (Hme(n,275,1/16) + 213) > n

times since Hyg(1n,27%,1/16)) > n for all k and |(Gyx_1 U By_1)¢| > 1 unless Gy, U
Bx_1 = [n] which implies termination in round k — 1. Each time line 18 is called,
Ni, < Ny, + 1. Since |arg minjc 4{N;}| < |[A| < n, line 18 is called at most n times
before min;jc 4{N;} = max;c 4{N;}. When this occurs, the conditional in line 19 is
trueand t + t+ 1.

If minicq(¢){Ni} = maxiea(t){Ni}, then N; =t for any i € A(t). By Step 0, only
arms in G, are added to Gy. Therefore, T; is defined as

{ ie Ge(t+1) ifieGe}El i —Cson(t) > Uy ifie Ge

Ti=minqt: o =Z=min< t:

igAlt+1) ifie Gt fii + Cson(t) <L, ifieGS
(6.12)

Define T; = oo if this never occurs. Note that this may happen if FAREAST terminates

due to the conditition in line 32 that U, — L\ < y/2. Similarly, recall T denotes the

random variable of the of the number of times i is sampled before [1;(t) 4 Cs/on (t) <

maxjea [ (t) — Cs,/2n (t). Hence,

T = min {t D (t) + Cson(t) < max y(t) — C5/2n(t)} (6.13)
j
Define T, = oo if this never occurs. Note that this may happen if FAREAST terminates
due to the conditition in line 32 that U; — L; < /2. Finally, we define the time T,
such that U, — L, < 7.

1
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By design, no arm is sampled more that T, times by the good filter, controlling the
cases that T; or T are infinite.

6.F.3.3 Step 2: Bounding T; and T/ for i € G,

Step 2a: For i € G, we have that T; < h(0.25(e — A;),5/2n).
Proof. Note that, 4Cs/on(t) < pi — (13 — €), true when t > h (0.25(e — Ay), ),

implies that for all j,

&
fLi(t) — Cs/on(t) = mi —2Cs 0n ()
> +2Cs /o (t) — €
> Wy +2Cs/on(t) — €
&1
> [(t) + Cson(t) — €
so in particular, f1;(t) — Cs/on(t) = maxjea [(t) + Cs/on (t) — € = Us. O

Additionally, we define a time Ty« when all good arms have entered Gy.
Step 2b: Defining Ty := min{t : Gy (t) = G} = maxicg, Ti, we also have that
Tmax < h(0.25x¢,8/2n) (in other words, if t > h(0.25x,, 5/2n) (i.e. line 23 has been
run t times), then we have that G (t) = G¢).
Proof. Recall that x, = minicg, Ui — 1 + € = miniecg, € — Ai. By Step 1q,

T; < h(0.25(e — Ay), ). Furthermore, h(-,-) is monotonic in its first argument,

"ry
such that if 0 < x’ < x, then h(x’,8) > h(x,d) for any & > 0. Therefore Tp.x =
maxicg, Tt < maxieg, h (0.25(e — Ay), ) = h (0.25x, 2 ). O

Step 2c: For i € G¢, we have that T/ < h(0.25A;, 6/2n).
Proof. Note that 4C;s on (t) < 1 — i, true when t > h (0.25A;, 52 ), implies that

i o

fLi(t) + Cs/on(t) i +2Cs/om (t)

1—2Cs/2n(t)

1(t) — Cs/on ().

/AN AN/ AN
T £

g
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Asshownin Step 0,1 € A(t) forall t € N, and in particular {i;(t) < maxica(t) fli(t).
Hence, {1;(t) + Cs/2n (t) < maxjea) 4(t) — Cs2n (t). L

6.F.3.4 Step 3: Bounding T; fori ¢ G¢

Next, we bound T; for i € G¢. i € G¢ is eliminated from A if it has received at least
T; samples.

Claim: T; < h (0.25(e — A), ) fori € G
Proof. Note that, 4Cs/n(t) < w — € — py, true when t > h (0.25(e — Ay), ),
implies that

&1
Li(t) + Cs/on(t) < mi +2Cs/0n (1)
< —2Cs o (t) — €
&
< (t) —Cs/on(t) —€

Asshownin Step 0,1 € A(t) forall t € N, and in particular {i; (t) < maxica(t) fLi(t).
Therefore {i;(t) + Cs/2n (t) < maxjen (1) — Cs/on(t) — € = Ly. O

6.F.3.5 Step 4: bounding the total number of samples given to the good filter
at time t = T«

Note that for a time t = T, the total number of samples given to the good filter is
Z;l \A(s)|. Therefore, the total number of samples up to time Tpay is Zt““x lA(t)].
LetS;i =min{t:i¢& A(t+ 1)}. Hence,

Timax Tmax M N Tmax
D MAMI=) Y 1ic A=) Y 1licA) me{Tmax, 3
t=1 t=1 i=1 i=1 t=1

For arms i € G¢, S; = T by definition. For i € G, Si = max(T;, T{) by line 28 of
the algorithm. Then
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Z min {Tmaxr Sl} = Z min {(Imaxr maX(Ti/ Ti,)} + Z min {Tmaxr T’L}

i=1 ieGe ieG¢
< Z min{Tmaxx maX(Ti/ Tll)}"i_ ’G(é N Ge+oc€‘Tmax + Z Ti
ieGe iEGg+“€
- Z maX{Tu 1’1’111’1( max)} + |Gc N G€+oc€|Tmax + Z T
ieGe 1€GE qe

(a)

ieGe

5 5
2 — ¢ 250, 5 | -
+ ) <0 5(e — Ay), zn)+|G€ﬂG€+%Ih(025oc€,2n)

C
1€Geae

Equality (a) follows from Trax < h (O 25a, %) bySteplb, Ty < h (0.25(6 —A;) i)

7 2n
in Steps 2a and 3, and T, < h (0.25A;, ) in Step 2c.

1./2

6.F.3.6 Step 5: Bounding the number of samples in round k versus k — 1

Now we show that the total number of samples taken in round k is no more than 9
times the number taken in the previous round.
Claim: For k > 1

(Hme(n,27%,1/16) + T 4+ il (Gie—1 U Bre—1)€|)
<9 (Hue(n, 27, 1/16) + Tt + -1l (Gr—2 U Br—2)¢])

Proof. Inround k, (Hwme(n,27%,1/16) 4+ i + Txl(Gx_1 U Bx_1)¢|) samples are drawn.

Since Gx_1 C Gy and By_; C By Vk deterministically, we see that |(Gx_1 UBy_1)¢| >
|(Gk U Bk)¢| Vk. By definition,
Hue(n,27%71,1/16) = 4Hye(n,27%,1/16).

8
< ) max {h (0.25(e —A), £> ,min {h (0.25A1, %) Jh (0.25cx€,

d

n

)}
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Next, recall T, = {22“3 log (%ﬂ . We bound 1y /T«_; as

T ’722k+310g (%ﬂ B ’722k+310g <%ﬂ

Tk—1 ’722k+1 log ( 8 ﬂ ’722k+1 log (16n(1§—1)2>-‘
223 Jog (16nk ) n 4log (16nk )

1
22k+110g <16nk 1) > log <16nk 1))

log (15*) + 21log(k)
log (16*) +2log(k — 1)

+1

+1=(%)

Ifk=2, (%) <1+4=xlog(32)/log(8) <9. Otherwise,

4(log (1) + 2log(K))

10g(16“)—|—210gk 1)

4log(k)

Slog(k—1)
<4-24+1=9

+1

+1

Putting these pieces together,

(Hme(n,27%,1/16) + Ty + Tl (Gi—1 U Bie—1)¢))
(4HmE(n, 2751, 1/16) + 911 + 9T 11(Gr—2 U Bi»)¢|)

<
<9 (Hue(n, 277, 1/16) + Tt + Te—1l(Gr—2 U Br—2)€|)

6.F.3.7 Step 6: Bounding Equation (6.10)

Here, we introduce the round Kgooq, when Gk, = G at some point within the
round. Using the result of the previous step, we may bound the total number of
samples taken though this round, controlling Equation (6.10).
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With the result of Step 5, we prove the following inequality.
Claim:

[e¢]

Z 21 [Gx—1 # Gl 1[Gy_q UByx_1 # [n]] (HME(n/ 275,1/16) + T + Tl (G 1 U kal)cf)

k=1

<c E max<{ h 025(€—A) -— min |h | 0.25A;, — h(0.250., —
h ieG . ' ,2” ’ ' v 2n ! ’ €’ 2n
Clag €+ e 20, > c E . € Al ’ >

3 C
1€GEiae

for a constant c.
Proof. Recall t;, = max{t : t € k} denotes the maximum value of t in round k
and Tnax = maxeg, T; denotes the minimum t such that Gy (t) = G¢. Define the

random round
KGood := min{k : G = G} = min{k : tx > Thax}

By definition of Kgod,

Z 21[Gr—1 # Gel1[Gr—1 UBk_1 # ] (Hve(n,27%,1/16) + Ty + Tl (Gr—1 U Bi—1)¢])
k=1
KGood

= Z 21 [Gy—1 UBy—1 # ]l (Hye(n,27%,1/16) + Ty + Tl (Gt U Bye—1)€) .
k=1

Next, applying Step 5, if KGood > 1,

KGood

Z 21 [Gk,1 U Bk,1 7£ [Tl]] (HME(T'L, Zik, 1/16) + Tk + Tk|(Gk,1 U kal)c|)
k=1

KGoodf1
< 18 Z 1 [Gk,1 U Bk,1 7£ [Tl]] (HME(TI, Z’k, 1/16) + Ty + Tk|(Gk,1 U kal)c|) .
k=1
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Observe that by lines 17 and 20 of FAREAST, for any round r and for any t > t,_4,

r—1 t
Z 1[Gy—1 UBy_1 # [n]] (Hye(n,27%,1/16) + Ty + Til (Gr—1 U Br—1)°) < Z \A(s)l.
k=1 s=1

By definition, for the round Kgooq — 1, we see that t(x . ,—1) < Tmax- Applying the
above inequality with the inequality proven in Step 4,

KGood—1 Tmax

18 Z 1[Gy—1UBr_q # Il (Hue(n,27%,1/16) + T + Tl (Gr—1 U By1)€]) < 1SZ \A(s)]
s=1

k=1

<18 ) max {h (0-25(6 —Ay), %) ,min [h (0.25Ai, %) h (0.25% %)] }

ieGe

+18 > h (0.25(e —A),

1 Cc
1€GE e

) )
— | +18|G{ N Geyn /N [ 0250, — | .
2n € 2n

Otherwise, if Kgooq = 1, exactly 4c’'nlog(16)+32nlog(16n/8) samples are given
to the good filter in round 1. One may use Lemma 6.32 to invert h(-, -) and show that
the summation on the right had side of the above inequality is within a constant
of this and the claim holds in this case as well for a different constant, potentially
larger than 18. O

6.F.3.8 Step 7: Bounding Equation (6.11)

Next, we bound

o0

ZZ]I [Gr1 = Gel 1[Gy_1 UBy 1 # [n]]

k=1
(Hme(n,27%,1/16) + T + Tl (G—1 U Bie—1)¢]) .

(e.¢]

Zz]l [Gx—1 = Gel 1 [Gr—1 UBy—1 # [nl] (HME(ﬂ,z_k,1/16) + 1 + Tl (G U Bk—l)c|)

k=1
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21 [Gr—1 = Gl 1[Gr1 UByx—1 # ] (Hve(n,27%,1/16) + T + Tl (Ge U Bi—1)¢))

21 [Gr—1 = Gl 1[Gr—1 UBy—1 # [n]] (Hue(n,27%,1/16) + T + T|GE\By1])

M T M

~
|

1
()

= Z 21 [Gy—1 U Br—1 # ] (Hue(n,27%,1/16) 4+ 1o + Tl GE\By_1)

k=Kgood+1
o

TN 21[Bi # G (Hue(n,27%,1/16) + T + Tl GE\Byc_1)
k=Kgood+1
= Z 21 [Bk,1 7é Gg] (HME(TI, 2"‘,1/16) + Tk)
k:KGood+1
+ Z 21 [Bx—1 # Gl (ti|GE\By—1l)
k:KGood+1
= ) 21[Bia #G (Hve(n27%,1/16) + 1) + ) 21l GE\Bi|
k=Kgood+1 k=Kgood+1
= ) 21Bi #GH (Hws(m,2751/16)+ )+ > ) 2ndli¢ By ]
k=Kgood+1 k=Kgood+11€GE
< ) 2AGN\Bial (Hyve(n,2751/16) + )+ Y ) 2ndli € Bi ]
k=Kgood+1 k=Kgooda+1 1€GE
= Z Z 21[i ¢ By_4] (HME(n,sz/1/16) +Ty) + Z Z 2T 1[i & By 4]
k=Kgood+11€EGE k=Kgood+11€GE

= Z Z 210 ¢ By_1] (ZTk + Hme(n, 27K, 1/16))

k=Kgooq+1 iEG‘é

= Z Z 211 ¢ By_1] (2Tk + Hye(n, 275, 1/16))

1€GE k=Kgooq+1

< ) > 21[i ¢ Byl (21 + Hue(n, 275, 1/16)) (6.16)

ieGe k=1
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6.F.3.9 Step 8: Bounding the expected total number of samples drawn by
FAREAST

Now we take expectations over the number of samples drawn. These expectations
are conditional on the high probability event €; N €,. The bound in step 5 holds
deterministically conditioned on this event.

Note 1 and Hyg(n,27%,1/16) are deterministic constants for any k. Let all
expectations are be jointly over the random instance v and the randomness in
FAREAST.

E[TII[E1 N &) =1] <

Y 2E [1[Gy U By # M1 N €] = 1] (T + Hue(n,27%,1/16) + 7| (G U Bi—1)¢)
k=1

= Z 2E [1[Gr—1 # Ge] 1[Gy—1 U By # [Tl]]‘]l[& Né&) =1]
k=1

(Tk + Hye(n,27%,1/16) + Tk|(Gk—1 U Bk—l)c|)

+ ) 2E[1(Gy 1 =G 1[Gr 1 UBy 1 # ]]|1[&1 N &) = 1]

k=1

(T + Hue(n,275,1/16) 4+ 1y | (Gre—1 U Bi—1)¢))

Step 6 & ) )
< . — i), |, i . ir~_ |/ . €7~
< c Z max {h (O 25(e — Ay) Zn) min {h (0 25A Zn) h (O 25 Zn)} }

ieGe
5 5
+c Y h (0.25(e — Ay, —> +¢lGENGeya lh (0.25% —)
c6e.. 2n 2n
+ Y 2B [1[Gr—1 = Ge] 1[Gy—1 U By # [n]]|L[&; N &) = 1]
k=1

(T + Hue(n,275,1/16) 4+ 1| (Gre—1 U By—1)¢|)

Step 7 ) ) )
g 2 - Ai ra_ | i 2 Ai/ n_ | 2 €7/~
c Z max {h (0 5(e ) Zn) min {h (0 5 Zn) h (O 5x Zn)}}

ieGe
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) )
+c Z (O 25(e — Ay), 2n> +c|GEN Gepu, (O.ZSoce, %)

1eGeia,

+ Y > 2B, [1i ¢ Bil|1€1 N €] = 1] (2Tic + Hye(n,27%,1/16))

ieGe k=1
@ ¢ Y max{n (025(e — A), = ), min [n (0254, ) h (0250,
- ieG * 1 /2n 7 ° 194 2n 4 M (594 Z‘n_
+e Z 0.25(¢ — Ay), ~ ) +cIGE N Gy (02500, —
5 ZTL € €+ Xe . €7 211

+ Z Z 2E, [1[i ¢ By_4] |81] (27 + Hur(n,27%,1/16))
i€Ge k=1
where (a) follows from E, [1[i ¢ Bx_1]|€1 N &;] = Ey [1[i ¢ Bx_1]|&4] fori € G,
since the event {i € Byx_;} is independent of &, for all i € G¢. This can be observed

since &, deals only with independent samples taken of arms in Ge.

6.F.3.10 Step 9: Bounding the expectation remaining from step 8.

Next, webound }_ " Ey [1[i ¢ Byx_1]|&1] (27 + Hue(n,275,1/16)) fori € G¢, the
expectation remaining from step 8. In particular, this is the number of samples
drawn by the bad filter to add arm i € G¢ to By.

First, we bound the probability that for a given i € G¢ and a given ki ¢ By.
Note that by Borel-Cantelli, this implies that the probability that i is never added
to any By is 0.

Claim 1: For i € G, k > [log, (54 )| = B [1li ¢ Bu[ed] < (1) [log: () |

Proof. i € By if either the good filter or the bad filter added it. Note that the

behavior of the bad filter is independent of the event £;. Hence,

E, [1li ¢ Bk]‘gl]

Ey [L[f 4 Csyon (ti) = Le 1, — fis < € +27F1[&4]
E, [1[f, — i < e +275[E]
E, [1[f, — i < e+27F ],

/N
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Intuitively, the time at which an arm in G¢ enters By, which occurs if either the
good filter adds it or the bad filter does, in expectation is at most the time at which
the bad filter does on its own in expectation.

If i € Bx_1 then i € By by definition. Otherwise, if i ¢ By_1, by Hoeffding’s

Inequality conditional on the value of ix and a sum over conditional probabilities

_5
4nk?

as in step 0, with probability at least 1 —
(B, — f) = (p, —ma)l <278

If MedianElimination also succeeds, the joint event of which occurs with probabil-

ity 22 (1 — :2) by independence®,

T mi?
o, — > g, — 27K g -2 = A 2T
Then for k > [log2 (ﬁﬂ/

1
o — > A =275 > J(Ai+e) ze4+27,

N

which implies that i € By by line 15 of FAREAST. In particular,

o o 15 5
E[1[fi, — i = e+ 2" ¢ Bry] > 16 (1 B 4nk2> ’

Furthermore, i ¢ By by definition. Additionally, recall that 1[f1;, — {1; < € +2 1]
is independent of &;. Then for k > {log2 <ﬁﬂ,

E [Il[ﬁik - <e+ kaﬂ]] =K [ﬂ[ﬁik —<e+2 N(1A¢ B +1lie kaﬂ)|81]
=E [Llfi;, — fis < e +2 L[ ¢ Byeq][€4]
+E [1lf, — i < e +27 1M € Bye_1]|&]

®Note that the success of MedianElimination and the concentration of ({i;, — {1;) around (i, —
(i) are independent of the events £; and €, conditioned on in Step 8.
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Deterministically, 1[i ¢ By]1[i € Bx_;] = 0. Therefore,

E

—

1lf, — (s < € + 2710 & By1][€4]
+E [1f, — i < e+ 271 € By1]|&4]
=E [1[fu, — i < e+ 2710 ¢ Br]|&4]
=E [1[fy, — i < e+ 271 ¢ By 4t ¢ Bi_1&1] P(i ¢ kal}gl)
+E [1f, — fs < € +27"L[ ¢ By 1][i € Bx_1, &1] P(i € Bx_1|&1)
E [1lf, — i < e + 2710 ¢ Bralli & By, &1 P(i & Bye_1|€1)
E [1[fu, — i < e +27"]i ¢ Br1, & E [1[i & Bx—1]|&4]
E [MHW L <e+ 27k+1]|i ¢ By_1] E[1[i ¢ kalugl}

Lkz) E [16 ¢ By 1][&1]

1 1)
< (— + > E [1[fy, — i < e +27]

16~ 4nk?

where the final inequality follows by the same argument upper bounding E [1[i ¢ By]|&;].
For k < [log2 (ﬁﬂ, trivially, E[1[i ¢ By]] < 1. Recall 56 < 1/8. For k >

og: (5) |
. [Mi&‘ Bk”&} < ﬁ <%+%SZ) _ (é)kﬁogz(ﬁ—eﬂ'

=[logs (x|

O
Claim 2: Forj € G¢, ) °, 2B, [1[i & By 1][&1] (2T + Hue(n,27%,1/16)) < " x5+
¢"h (0.25(A; — €), )

Proof. This sum decomposes into two terms.

ZE‘V [1[i ¢ By_1] |81] (27 + Hur(n,27%,1/16))
k=1
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- Z E, [ﬂﬁ ¢ Byl }81] <HME(TL, 27%,1/16) +2 {22]@“3 log (16nk2)—‘>

k=1 )

+ 2 E[uigBeallé)] (HME(n,Z_k,1/16) +2 [22'“3 log (162k2)D
k:{log2 Af—eﬂ

We begin by bounding the first term.

[og2 (x%) |

E., (10 ¢ By_1]] (HME(n, 2% 1/16) + 2 {zzw log (16“k2)b

k=1 >
\‘Ing ( Ai{": >J 16T1k2
< <HME(n,2_k, 1/16) +2 [22“3 log ( )D
k=1 >
lo ,4_6
L s )J 1 ~2k 2k-+4 lénk?
< c'n27log(16) +2 + 2" log 5
k=1

< 2log, (Ai4_ e) + (C’nlog(16) + 16log (an)) > 2
o5

+32 > 2%log (k)

k=1

< 2log, (A_Zl_e)

) 16n 4 2k
+ <c nlog(16) + 161log (T) +32loglog, (Ai — e)) Z 2

k=1
4 16 lon 4

< ! _—_

< 2log, (Ai—e) + B — (c nlog(16) +3210g< 5 log, (Ai_ €>))

Next, we plug in the bound from claim 1 controlling the probability that i ¢ By.

o (52),
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Using Claim 1, we bound the second sum as follows:

i E, [Lli ¢ Bial|€4] (HME(n,zk,1/16) +2 [22“3 log (162k2>D
T= [logz(A4 eﬂ

(o) k— [log2<ﬁ)-‘fl 2
< Z (%) <(:’T12Zk log(16) + 2 +2****1og (162]( ) >
te=[tog; (a5 )|

o0 1 k—1 k—1
= c/nlog(16) Z (g) 2 (kJJlogz + ZZ ( >
k=1

Fr63 (1)1 2 g [ 1 (14 Po&gz (==)])
k=1
<3+ c'nlog(16) i p-3k+3p2(kHoga (552 ) +1)
k=1
+16 i 2_3k+322(k+log2($)+1> log ton <k * {loégz ($>—‘ >2
k=1

2°¢/nlog(16) 21 (16n)) =
=3+ + lo 2
( (Ai—ef " (A—ep B 2

213 o e 4 2
+—(Ai_€)2§2 log (k—i—[logz(Ai_e)—D

29(:’nlog(16)+ 213 o 16n
(Ai—e? | (Ai—e2 B

24 & 4
ta e 22 1°g<k+[1°g2 (5=2)])

<3+
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We may bound the final summand, > ;2 *log (k + {log2 ( 4 ﬂ) as follows:

Aife

£ o () ) <vs oo (w57)

Plugging this back into (*x), we have that

(4) <34 2%cnlog(16) N 213 l 16n N 214 I € 256
ST A a2 B ) T A e B2 (A —ep

Combining the above with the bound on the first sum, we have that

[e¢]

ZEv [1[i ¢ kal]‘gl} (27 + Hur(n,27%,1/16))

k=1

<c”< LI PN (2_“10 (—4 )))
SO\ A—er T (A —e2 B 5 B2\ (A —ep

__cn " %
= a et (o.zs(Al e), 2n>

for a sufficiently large, universal constant ¢’ and ¢ from the definition of h(-,-). [

6.F.3.11 Step 10: Applying the result of Step 9 to the result of Step 8

We may repeat the result of step 9 for every i € G¢ and plug this into the result of
Step 8. From this point, we simplify to return the final result.

By Step 8, the total number of samples T drawn by FAREAST is bounded in
expectation by

5 5 5
< . — i), 5 ] i . ir~_ |/ . €7/~
E[TIE; N &,y < CieZG max {h (0 25(e — A;) 2n) min [h (0 25A 2n> h(O 25 Znﬂ}

5 5
+c Y h (0.25(e — Ay, E) +¢|GENGeya.lh (0.25% R)

1 C
1€GE ae
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+2 ) > E,[Lh ¢ Beal|&1] (21 + Hup(n,275,1/16)) .

ieGe k=1

Applying the bound from Step 9 to each i € G¢, we have that

) > >
< . - i ~N__ i . il_ 7 . EI_
E[TIEiNé&] <c E max {h <0 25(e — Ay), 211) , min {h (O 25A 2n> h (0 25 Zn)} }

1€Ge

5 5
+c Y h (0.25(e — Ay, E) +¢|GE N Gepa,lh (0.25% %)

3 C
1€GE ae

d
—|—2CN %+h<025(A1—€), 2—) .
ieo; (D€ n

Fori € G¢ N Geio., Xe = minjeg, € — Ay > A — €. By monotonicity of h(,-),
h (0.250, 2) < ¢ +c"h (A —¢, =-). Therefore,

(Ai—e)?
E[TIE1NE] K¢ E max < h | 0.25(e — Ay) o min [h ( 0.25A L h|0.25x L
1 PARRSS £ . i /zn ’ . ir 2Tl 7 . €r 2n
n )
2¢” —_— 25(Ai—¢€),— ).
+ (2¢ +c)i€GC (Ai—e)2+h(0 5( €) Zn)

Next, we use Lemma 6.33 to bound the minimum of h(-,- - - ) functions.

0 . 5
¢ ) max {h <0.25(e —AY), R) ,min [h (0.25Ai, Jh (0.25% E)} }

N—

Fle Ble

ieG
" n
+(2C +C) Z m+h<025(A1—€), )
ieGe¢
) Ai+OC€ )
< . —Bira ] A
< C.Z max{h(OZS(e Ay) Zn) h< o Zn)}
ieGe
+(2¢"+¢) Y ™ i h(025(a—e), >
et (A; —€)? 2n

Finally, we use Lemma 6.32 to bound the function h(,-). Since § < 1/2,§/n <
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2e~¢/2, Further, max(A;, |e—A;|) < 8 for all i, we have that 0.25A; < 2, 0.25/e —A;| <
2, and 0.25min(o, Be) < 2. Therefore,

d A+ xe b
E[T|E, N &) < chax{h(O.ZS(e—Ai),ﬁ),h( 5 E)}

ieGe

2n

64 4n 384n
<c Z max {mlog <? logz (m)) ’

_ 20 jog (Dog, (LB
At B\ 5 82\ 5(A; + )2
) n 64 n _ 384n
+ (2¢ +C)i€ZGC (A —e)? + (e—Ai)210g< 5 1082 (6(€—Ai)2>)
1 n n
S G Zmax{mlog (glogz <5(€——Ai)2 )
— b e (g, (o
A+ o B 5 8 5(a + a2
n 1
+C3.Z (Ai_€)2+(€_A) log( 108 (5 >)
1
o Lo )

| I
(1 + ote — 1i)? Og( ng( (u1+oce )>}
n 1
+c + 1 —1
3.Z (m—e—p)? (1 —e—p)? Og( ng(éul—e—ul ))

for a sufficiently large constant c;.

Hlac o) Y o th (0.25(Ai —e), i)

6.F.3.12 Step 11: High probability sample complexity bound

Finally, the Good Filter is equivalent to EAST, Algorithm 10, except split across

rounds. Note that the Good Filter is union bounded over 2n events whereas the
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bounds in EAST are union bounded over n events. The Good Filter and Bad Filter
are given the same number of samples in each round, and the Good Filter can
terminate within a round, conditioned on &; N &,. Therefore, we can bound the
complexity of FAREAST in terms of that of EAST run at failure probability 5/2. If
FAREAST terminates in the second round or later, the arguments in Steps 4 and 5 can
be used to show that FAREAST draws no more than a factor of 18 more samples than
EAST, though this estimate is highly pessimistic. If FAREAST terminates in round 1
(when gaps are large), we may still show that this is within a constant factor of the
complexity of EAST, but the story is more complicated. In the first round, the bad
filter draws at most ¢'nlog(16) + 32nlog(8n/6) samples where ¢’ is the constant
from Median Elimination. Since we have assumed that max(A;, Je — A;]) < 8
this sum is likewise within a constant factor of the complexity of EAST. Hence, by
Theorem 6.27,

T<C4;mm{max{(ul_e_ul) 108( 1082( (M_e_ulz))
1 lo ( lo ( ))
(H1+(XE_PL1) & & (H1+(Xe_
1 lo ( lo ( ))}
(1 + Be — wi)? 8 & (“l"HSG_
1 1 ik
e (S (532) )

samples. O

6.F.4 Proof of Theorem 6.26, FAREAST in the multiplicative
regime

Proof. Notation for the proof: Throughout, recall A; = p; — ;. Recall that t counts
the number of times the conditional in line 19 is true. By Line 19 of FAREAST, all
arms in A have received t samples when the loop in line 23 is executed for the t'"
time. Within any round k, let A(t) and Gi(t) denote the sets A and Gy at this time
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since both sets can change in lines 27 and 29 and 25 respectively. Let ti denote the
maximum value of t in round k. By Lines 18 and 19 of FAREAST, the total number
of samples given to the good filter when the conditional in line 19 is true for the t'!
timeis Y ., [A(s)].

For i € Mg, let T; denote the random variable of the number of times arm 1 is
sampled before it is added to Gy in Line 25. For i € M¢, let T; denote the random
variable of the number of times arm i is sampled before it is removed from A in
Line 27. For any arm i, let T denote the random variable of the of the number of
times i is sampled before [1;(t) + Cs/2n (1) < maxjen f1j(t) — Cs/on (t).

Define the event

81 = m m |H1 Cé/Zn( )

n] teN

Using standard anytime confidence bound results, and recalling that that Cs(t) :=

4log(log,(2t)/d)

n , we have

P(&S) =P U U It = il > Csyan (1)

n] teN
n A o 5 5
<Y P(UI—wl>Comv)) <3 o= =2
i=1 teN P

Next, recall that {1;(t) denotes the empirical average of t samples of p;. Consider
the event,

&= [ (1=, (1) — fi (1)) — (1 — )y, — w)l <272 —e)
ieM, keN
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By Hoeffding’s inequality,

P (I((1— )y, (t) — i (1) — (1 — )y, — )l <272 — )iy =) <

Then

P(1((1— ), () — fui () — (1 — €)pi, — i)l < 27V (2 —¢))

= ZP (101 = &) fugy (mi) — s (1) — (1= )y, — )l <27 (2 =€) iy =) P(ix =3)
=1

8 .. .
S e D Pl =j)
=1
0
~ 4nk?

Therefore, union bounding over the rounds k € N, P(€5) < Y icp. X rot 1z <
2. Hence, P (&N &) >1-0.

6.F.4.1 Step 0: Correctness.

On &1N¢&,, first we prove that if there exists a random round k at which G, UBy = [n]
then Gy = M.. Additionally, we prove that on &; N &, if A C Gy, then G, = M..
Therefore, for either stopping condition for FAREAST in line 31, on the event £; N &,,
FAREAST correctly returns the set M.

Claim 0: On & N &y, forallk e N, Gy € M..
Proof. Firstly we show 1 € A for all t € N, namely the best arm is never removed
from A. Note for any i such that {i;(t) — Cs,2n(t) >0,

4+ Cson(t) = 1 > w2 u(t) — Cson(t) > (1 —€)(fui(t) — Csan(t)).
For i such that f1;(t) — Cs/2n(t) <0, if {13 + Cs o0 (t) > 0, then

L+ Cs/on(t) > 0> (1 —€)(fti(t) — Cs an(t)).
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Note that {i; + Cs5/on(t) < 0 implies on the event &; that ;3 < 0, which con-
tradicts the assumption that y; > 0 made in the theorem. In particular this
shows, {11 + Cson (t) > (1 — €)(maxieq (i(t) — Cs/on(t)) = Ly and {1y + Cs/on (1) >
maxXie4 [1i(t) — Cs/2n (t) showing that 1 will never exit A in line 28.

Secondly, we show that at all times t, (1 — €)p € [L, U.]. By the above, since

never leaves A,
Ue = (1 —e)(maxfii(t) + Cs/an(t)) > (1 — ) (u(t) + Cs/on(t)) > (1€
and for any i,
(I—e)u 2 (1—e)u = (1 —€)(fit) — Cs/2n(t))

Hence (1 — €)uy; > (1 — €)(max; f1i(t) — Cs/2n(t)) = Ly.
Next, we show that Gy € M forallk > 1,t > 1. Suppose not. Then 3,k,t € N
and Ji € M¢ N G (t) such that,

Hi = i(t) — Cson(t) > U 2 (1 —€)y >y,

with the last inequality following from the previous assertion, giving a contradiction.
]

Claim 1: On &, N &y, for all k € N, By € ME.

Proof. Next, we show By, C M¢. Suppose not. Then either the good filter or
the bad filter added an arm in M. to By. Take i € M.. In the former, this implies
that e y

Hi < fi(t) + Cson(t) <Le < (1— €l
which contradicts i € M.. Consider the alternate case that the bad filter adds 1
to By for some k. By definition, By = () and Byx_; C By for all k. Then there must
existk € Nand ani € M. such thati € By and i ¢ Bx_;. Following line 14 of the
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algorithm, this occurs if and only if
(1—e)fy, —fu >2 "2 —e).
On the event &,, the above implies
(1—epy, — i +27 (2 —¢e) > 272 —¢),

and simplifying, we see that 0 < (1 —€)p;, — i < (1 — €)py — i which contradicts
the assertion that i € M. Combining the above claims, we see that £; N &, implies
(GkUBxy = n))and Gy N By =0 = Gy = M. Since P(E,N &) > 137,
if FAREAST terminates, with probability at least 1 — 9, it correctly returns the set
Me. O

Claim 2: Next, we show thaton &, M C A(t) UG(t) forall t € N.

In particular this implies that if A C G, then M. C G. Combining this with
the previous claim gives G C M. C G, hence G = M.. On this condition, FAREAST
terminates by line 33 and returns the set A U G = G. Note that by definition, M. C
M (c4+) for all y > 0. Therefore FAREAST terminates correctly on this condition.

Proof. Suppose for contradiction that there exists i € M, such thati ¢
A(t) UG(t). This occurs only if i is eliminated in line 28. Hence, there existsat’ <t
such that (1;(t") + Cs/n(t’) < Ly.. Therefore, on the event &,,

& &
(- 21y = (1—e) (max B — cé/n(t')) () + Coymlt) 2 e

jeA
which contradicts i € M.. O
Claim 3: Finally, we show that on &, if Uy — Ly < 52- L, then AU G C M(c4y).
Combining with Claim 3 that M. C A U G, if FAREAST terminates on this
condition by line 33, it does so correctly and returns all arms in M. and none in
MC

(e4+v)"

Proof. By Claim 0, G C M. C Mc,,. Hence, G N M

(e+v)
wish to show that A N M¢_, ., = 0 which implies that G N A C Mc . Assume

= (). Therefore, we
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U — Ly < 52 L;. Recall that

U =(1—¢€) (fifglx i (t) + C5/2n(t))
and
L= (1= ) (maxas(t) - Coran(t))

All arms in A(t) have received exactly t samples. Hence, Uy — Ly = 2(1—€)Cs/on (t).
On &4, Ly < (1 — €)puy This implies that

2% <1—e
2—¢€ 2—¢€

2(1 —€)Cson(t) <

and in particular,
Y

2—¢
Therefore, we wish to show that when the above is true, then for any i € Mg,
Ly — (ti(t) + Cs/n(t)) > 0, implying that i ¢ A.

2Cs/om (1) <

L= (a(0) + Comlt) = (1= €) (maxy = Corn(t)) = (3s(8) + Carn(t)

)

jeA

> (1—e¢) (max W — zcz,/n(t)> ~ (5 + 2Co/m (V)

S 1= ) (= 2Ce n (1)) — ((1— € —y)p +2Cs /(1))

=Y —2(2—€)Cs/n(t)

>y — (2— )7 =0

which implies that i ¢ A. Inequality (a) follows jointly from the fact that 1 € A and
the fact that all arms in A have received t samples implies maxjc 4 1j —2Cs/n(t) =
i —2Cs/n (t). Additionally, inequality (a) follows from p; < (1 — e —vy)u; since
ie Mg O

e+y:
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6.F.4.2 Step 1: An expression for the total number of samples drawn and

introducing several helper random variables

Next, we write an expression for the total number of samples drawn by FAREAST. In
particular, we introduce two sums that we will spend the remainder of the proof
controlling. Additionally, we show that the conditional in line 19 in the good filter is
true at least once in each round. Based on this, we more precisely define the random
variables T; and T, introduced in the notation section in section 6.F.4. Additionally,
we introduce the time T, at which U, — Ly < 52-L;.

Recall that the largest value of t in round k is denoted ty. Let E) be the event
that Uy — Ly > 5L, for all t in round k:

v
2—¢

E?: = {Ut—Lt > Lt:tE (tk1,tk]}.

Note that if E) , is false, then FAREAST terminates in round k — 1 by line 33. We
may write the total number of samples drawn by the algorithm as

T= iZ]l [A ¢ Gx_1and Gy_1 UBy_; # [n] and E)_|]
k=1
(Hme(n,27%,1/16) + Tic + Tl (Gr—1 U By—1)¢))
Deterministically,
1[A ¢ Gx_qand Gx_1 UBy_1 # [nland E} ;] < 1[Gx_1 UBx_1 # [n]].

Applying this,

__{
N

M T M

21 [Gy—1 U Br—1 # ] (Hue(n,27%,1/16) 4+ 1y + Tl (Gr—1 U By1)€|)

21 [Gx—1 # M ] 1[Gy UByx_1 # [n]]

~
I

(Hme(n,27%,1/16) + T + Tl (Gt U Bye—1)¢]) (6.17)
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[o¢]

+ ZZIL [Gk—1 = M) 1[Gk—1 UBk_1 # [n]]

k=1

(Hme(n,27%,1/16) + Ty + Tl (G—1 U Bie—1)¢|) (6.18)
In round k, line 18 of the Good Filter, whereby an arm is sampled, is evaluated
(Hme(n, 275,1/16) + Ty + el (Gro1 U Be—1)¢l) = (21 + Hue(n,275,1/16)) > n

times since Hyg(n,27%,1/16)) > n for all k and |(Gx_1 U Bx_1)¢| > 1 unless
Gk—1 U Bx—1 = [n] which implies termination in round k — 1. Each time line
18 is called, Ny, <— Ny, + 1. Since |arg minjc 4{N;}| < |[A] < n, line 18 is called at
most n times before min;c 4{N;} = maxjc4{N;}. When this occurs, the conditional
inline 19 istrueand t «+ t + 1.

If minic 4(¢){Ni} = maxicat){Ni}, then N; =t for any i € A(t). By Step 0, only
arms in M. are added to Gy. Therefore, T; is defined as

i€ Ge(t+1) ifie M) ¢ i —Cson(t) > Uy ifie M,
T; = min to o . =min<t:
igAlt+1) ifie Mg i + Cson(t) <L, ifiec MS
(6.19)
Define T; = oo if this never occurs. Note that this may happen if FAREAST terminates
due to the conditition in line 32 that Uy — L < 5*—L;. Similarly, recall T/ denotes the
random variable of the of the number of times i is sampled before [1;(t) + Cs /on (t) <

maxjea [ij(t) — Cs,on(t). Hence,

T/ = min {t R0+ Coanl8) < max (1)~ cmn(t)} (6.20)
)

Define T/ = oo if this never occurs. Note that this may happen if FAREAST terminates

due to the conditition in line 32 that U; — L\ < 5*-L. Finally, we define the time
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T'Y SUCh that Ut — I—t < ﬁl—t

T, = min {tzut—l_t < 2Z Lt} (6.21)
By design, no arm is sampled more that T, times by the good filter, controlling the
cases that T; or T are infinite.

6.F.4.3 Step 2: Bounding T; and T/ for i € M.

Step 2a: Fori € M., we havethat T; < h (62‘55, ).

Proof. Note that p; — 2Cs/on (t) = (1 — €)(p1 + 2Cs/2n (t)) may be rearranged as
(4—2€)Cs/on (t) < ey —A;, and thisis true when t > h (81581 .5) This condition

4-—-2e¢ ’2n
implies that for all j,
i (t) — Cs/on(t) = g —2Cs on (t)

> (1—€)(m +2Cs/on(t))

> (1—e€)(py +2Cs/2n(t))

&1

> (1—e)(fy(t) + Cs2n(t))
so in particular, f1;(t) — Cs/on(t) = (1 — €)(maxjen () + Cs/on (t)) = Uy O

Additionally, we define a time Ty« when all good arms have entered Gy.
Step 2b: Defining Tpay := min{t : Gx(t) = M} = maxiem, Ti, we also have that
Tmax < h(&e/(4 —2€),8/2n) (in other words, if t > h(&./(4 —2¢€),5/2n) (i.e. line
23 has been run t times, then we have that G (t) = M,).
Proof. Recall that & = miniem, i — 11 + € = miniepm, € — Ai. By Step 1aq,

T, < h (4524 5) Furthermore, h(-, ) is monotonic in its first argument, such that

4—2e ’/2n
if 0 < x’ < x, then h(x’,8) > h(x, ) for any & > 0. Therefore T,x = maxiem, Ti <
maxiem, h(—ezzfi,%) =h (&e/(4—2¢), ). O

Step 2c: For i € M, we have that T/ < h(0.25A;,6/2n).
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Proof. Note that 4Cs/on (t) < w1 — py, true when t > h (0.25A;, 5 ), implies that

&1

fi(t) + Cson (t) < py +2Cs o (1)
< g —2Cs /o (1)
81 ~
< fu(t) — Cson(t).

Asshownin Step 0,1 € A(t) forall t € N, and in particular fi;(t) < maxXica(t) fi(t).
Hence, {;(t) + Cs,2n(t) < maxjeq(r) f(t) — Cs/2n(t). O

6.F.4.4 Step 3: Bounding T; fori € M¢

Next, we bound T; for i € M. 1 € M is eliminated from A if it has received at
least T; samples.
Claim: T; < h (8=£11, 5 fori € M¢

4—2e¢ 7 2n
Proof. Note that p; +2Cs/on(t) < (1 —€)(1 —2Cs/2n(t)) may be rearranged as

(4—2€)Cs,2n(t) < Ai—epy, and thisis true whent > h (£81-2t 2) This condition

implies that

&1
i (t) + Cson (1) < pi +2Cs2n (t)
<(1—e€)(pn —2Cs0n (1))
e

< (1 —=e)(u(t) = Cs/on(t))

—

Asshownin Step 0,1 € A(t) forall t € N, and in particular {i; (t) < maxica(t) fLi(t).
Therefore {i;(t) + Cs/2n(t) < (1 — €)(maxjeq {1j(t) — Cs2n (1)) = Lt. U
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6.F.4.5 Step 4: bounding the total number of samples given to the good filter
at time t = T«

Note that for a time t = T, the total number of samples given to the good filter is
Z;l \A(s)|. Therefore, the total number of samples up to time Ty is ZT‘“‘“ lA(t)].
Let S; =min{t:i ¢ A(t+ 1)}. Hence,

Trmax Tmax M " Tmax
ZIA !—ZZ]MEA ZZ]UGA me{TmaX, i}
t=1 i=1 i=1 t=1

For arms i € M¢, S; = T; by definition. For i € M, S; = max(T;, T/) by line 28 of
the algorithm. Then

Z min {TmaXI S'L} = Z min {(-Tmaxr maX(Ti/ Ti/)} + Z min {Tmaxr Tl}

i=1 i€EMe ieMe
< ) min{Tpe, max(Ty, T} IMENMeia T+ ) T
ieEMe iEME 4.
= Z max {Ti/ mm(T Tmax)} + |ME N Me+6¢e/ul|Tmax + Z Ti
iEM, EME 4y
(a) e — Ay b & & b
< ra_ | 2 A1./_ /h /N
GZM max{ (4 2¢ 2n> mm[ (0 A on ) (4—2e n
€W — Ai ) 6‘(—: )
h{—=———, — )| + M "Meya | —=—, — .
+1€MCZ ( 4—2e¢ Zn) M v/l (4—2e Zn)

crae/m

by Step 1b, T; < h (S8 2 in

Equality (a) follows from Ty < h( 4 oc /o

Steps 2a and 3, and T, < h (0.25A;

4— 2:—:’211)
%) in Step 2c.

1/2

6.F.4.6 Step 5: Bounding the number of samples in round k versus k — 1

Now we show that the total number of samples taken in round k is no more than 9

times the number taken in the previous round.
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Claim: Fork > 1

(Hme(n,27%,1/16) + Ty 4+ Tl (Gr—1 U By1)€])
<9 (Hue(n, 277, 1/16) + Tie—1 + Ti—1l(Gr—2 U Br—2)¢])

Proof. Inround k, (Hue(n,27%,1/16) + T + Tl (Gx—1 U Bx_1)¢|) samples are drawn.
Since Gy_1 C Gk and Byx_1 C By Vk deterministically, we see that |(Gx_1 UBy_1)¢| >
|(Gx U Bk)¢| Vk. By definition,
Hye(n,27%71,1/16) = 4Hyg(n,27%,1/16).

Next, recall T, = {22‘”3 log ((%ﬂ . We bound 1y /T¢_; as

T {22k+310g (%ﬂ - (22k+3108 <%>“
8

Tr_1 {22k+1 log ( ﬂ [ZZk—!—l log (M)-‘

22k+3 |og (16nk ) 4 1 4log (16nk )
22k+1 log <16n (k—1) > log <16n (k—1)2 >

log (15*) + 21log(k)
4 16
log (16*) + 2log(k — 1)

+1

+1=(x)

Ifk=2, (%) <1+4=xlog(32)/log(8) <9. Otherwise,

(T“) +2log(k))

+1
log(T)+210g —1)
4log(k)
< loglie—1) *
<4-2+1=9

Putting these pieces together,

(Hme(n,27%,1/16) + Ty + Tl (Gi—1 U Bie—1)¢])
< (4HMme(n, 27%,1/16) 4+ 911 + 9111l (G2 U Bi2)¢|)
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<9 (Hue(n, 277, 1/16) + Tt + Te—1l(Gr—2 U Br2)€|)

6.F.4.7 Step 6: Bounding Equation (6.17)

Here, we introduce the round Kgooq, when Gk, = M. at some point within the
round. Using the result of the previous step, we may bound the total number of
samples taken though this round, controlling Equation (6.17). With the result of
Step 5, we prove the following inequality.

Claim:

Zz [Gro1 # Ml L[G_1 UBy_1 # [n.
K—1
(Hme(n,27%,1/16) + Ty + Tl (Gr—1 U Bie—1)¢]) (6.22)
e —A;y 0 . ) )
— h{025A;,— | ,h
CIEZM max{ <4 2e '2n>'mml <0 > 211) ( 4— 2 'n >”

Xe ) ey — Ay b
ME A Meia, R 2 R4 o
oM M Merae il (4—2e 211)+C > (4—2e n

c
1elvle+oce/ul

Proof. Recall t, = max{t : t € k} denotes the maximum value of t in round k
and Tpax = maxepn, Ti denotes the minimum t such that Gy (t) = M. Define the
random round

KGood := min{k : Gx = M} = min{k : tx > Thax}
By definition of Kggod,

ZZ [Gr—1 # MeJL[Gr—1 UBy—1 # ] (Hue(n, 275,1/16) + T + Ticl (Gie—1 U Bi—1)¢])
k=1

KGood

— Z Zﬂ[Gk71 U By 75 [Tl]] (HME(TI, Z*k, 1/16) + Ty + Tk|(Gk,1 U kal)c|) .



300

Next, applying Step 5, if Kgood > 1

KGood

Z 21[Gr—1 U By—1 # ] (Hme(n,27%5,1/16) + Ty + Tl (G—1 U Bie—1)¢|)
k=1
KGood 1

<18 Z 1[Gk 2UBr 2 #
(HME(TL,Z “H1,1/16) + o1 + Tee1l(Gr—a U Bi2)¢) .

Observe that by lines 17 and 20 of FAREAST, for any round r and for any t > t,_;,

r—1

Z 1[Gr—1 UBy—q # )] (Hme(n,27%,1/16) + T + Tl (Gr—1 U Bi—y) Z \A(s)].
k=1

By definition, for the round Kgooq — 1, we see that t(x . ,—1) < Tmax- Applying the
above inequality with the inequality proven in Step 4,

KGood—1 Tmax

18 > 1(Gk1 UBko1)l (21 + Hue(n,275,1/16)) <18 ) |A(s)

s=1
ey — Ay 0 . ) Ke )
<18 Z max{ ( 1 _oc 2n> ,min {h (O.ZSAL, 211) ,h <4_2€, m

1EM,

em —A; 8 e O
+18 ) h(lez 2>+18IM ﬂMeme/mlh(mfg)-

C
1€M€+EX€/H1

Otherwise, if Kgooq = 1, exactly 4c’'nlog(16) 4+ 32nlog(16n/06) samples are given to
the good filter in round 1. One may use Lemma 6.32 to invert h(-, -) and show that
the summation on the right had side of the above inequality is within a constant
of this and the claim holds in this case as well for a different constant, potentially
larger than 18. O
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6.F.4.8 Step 7: Bounding Equation (6.18)

Next, we bound

(e.¢]

D 201Gkt =M 1[Gk UBks # ]

k=1

(Hme(n,27%,1/16) + T 4+ Tl (G 1 U Bi 1)) -

(0.¢]

ZZﬂ [Gr—1 =M 1[Gr—1 UBy 1 # ]l (Hue(n,275,1/16) 4+ T 4+ Ticl(Gi—1 U Br—1)€])

k=1

I
M

21 [G—1 = M] 1[Gro1 UBi—1 # ] (Hve(n,27%,1/16) + Ty + Tl (M U By1)€))

~
I

1

[
M

21 [G—1 = M] 1[Gro1 UBi—y # ] (Hue(n, 275,1/16) + Ty + TclME\By 1))

~
I

1
00

= Z 21 [Gx—1 UBx_1 # ] (Hue(n,275,1/16) + . + TeIME\By_1])
k=Kgood+1

N 21 By # M (Hus(n,27%,1/16) + Ty + T ME\By_1)
k=Kgood+1

= Z 21 [Bk,1 7& Mg] (HME(TI, Zik, 1/16) + Tk)

k=KGood+1

+ Z 21 [By—1 # Mgl (i ME\Bi 1)
k=Kgood+1

= Z 21 [Bx_1 # ME] (Hue(n,27%,1/16) + 1) + Z 21 [M\By 1|

k=Kgood+1 k=KgGood+1
= ) 21Bia #MI (Hwe(n,27%1/16) + 1)+ > ) 21mlli ¢ B

k=Kgood+1 k=KgGood+11€EME

o]

< D 2MO\Bial (Hve(n,2751/16) + )+ ) ) 2nlli€ Bl

k=Kgooq+1 k=Kgooa+1 1€ Mg
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(o.¢]

— Z Z 21[i ¢ By1) (Hue(n,275,1/16) + 1)

k=Kgood+1 1EME

+ Z Z 2T 1[i € By 4]
k=Kgooqa+1 1EME

o0

= Y ) 21fi ¢ B (2 + Hu(n,27%,1/16))

k=Kgood+1 1EME

=Y Y 21 ¢ Bl (2T + Hue(n,275,1/16))

ieMg k=Kgood+1

< ) ) 21fi ¢ Bl (2T + Hue(n, 275, 1/16)) (6.23)

ieM¢ k=1

6.F.4.9 Step 8: Bounding the expected total number of samples drawn by
FAREAST

Now we take expectations over the number of samples drawn. These expectations
are conditional on the high probability event €; N €,. The bound in step 5 holds
deterministically conditioned on this event.

Note 1, and Hyg(n,27%,1/16) are deterministic constants for any k. Let all
expectations are be jointly over the random instance v and the randomness in
FAREAST.

E[T|1[E N &) =1] =
im [1[Gx U Bk # M]|1[E1 N &) =1]
- (Hme(n,27%,1/16) + T + T | (G 1 U B 1))
— 3 2B (1601 £ Ml UGy UBy £ nll[UlEs n sl = 1
P
(Hme(n,27%,1/16) + T + T | (Gie1 U Bie1)|)

(o¢]

+ ) 2R [1[Gr1 = Mc] 1[Gy U By # ]| 1[& N &) =1]

k=1
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(Hve(n,275,1/16) + T + 7| (Gie—1 U Bi—1)¢|)

Stepﬁ ey —A; 0 ) Xe )
< ;2 ), min |h (0254, — ), h =
c ) max{ ( 4 2¢ Zn) mm{ ( Zn) (4—2(—: 2n>”

ieM,
€H1—Ai 1) 6C€ 1)
h|—, — MSNMeia h|—, —
e GMCZ < 4—2¢ 2n>+c| e MMera/ul (4—2(—: 2n>
i et+d&e /M

+ZzE [Gro1 = McJ 1[Gy U By # II[1[E1 N €o] = 1]

(Hme(n,27%,1/16) + Ty + Ti|(Gr—1 U By—1)¢])

Step7 epr —A; b . ) &e O
< ,— ), min |h {0254, — ) ,h .
CleZM max{ ( 4 2e 2n) mm[ ( Zn) (4—2e n

€H1_Ai ) Xe o
RS20 ) L ME A Mesa b (25—, 2
te ) ( 41— 2¢ '2n>+c| e Moo/l (4—2e 2n>

C
IGMH%/M

+ 3 ZZEV [10 ¢ By_1]|1[&1 N &) = 1] (2T + Hue(n, 27%,1/16))

ieM¢ k=1

e —A;y 0 . ) Ke 1)
—CIGZM max{ <4 > ,E),mm[h<0.25A1,£>,h<4_2€,E

em; —A; d &e/1 8

h ME A Mg h S/t O

e eMCZ < 4 2¢ '2n ) +l +a (4—2e n
i e+txe/u1

+ Y S 2B, (1 ¢ B JE]) (2t + Hye(n, 2% 1/16))

ieM¢ k=1

where (a) follows from E,, [1[i ¢ Bk_1]|ll[81 N&l| =E, [1li ¢ Bk_l]‘ﬂ[&]} forie
M¢, since the event {i € By_;} is independent of &, for all i € M¢. This can be
observed since &, deals only with independent samples taken of arms in M.

6.F.4.10 Step 9: Bounding the expectation remaining from step 8

Next, we bound Y ", E, [1[i ¢ By_1][1[&1]] (27« + Hume(n,27%,1/16)) for i € MS,
the expectation remaining from step 8. In particular, this is the number of samples
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drawn by the bad filter to add arm i € M¢ to By.
First, we bound the probability that for a given i € M¢ and a given ki ¢ By.
Note that by Borel-Cantelli, this implies that the probability that i is never added
to any By is 0.
Claim 1: Fori e M¢, k > [log2 (Afjfulﬂ = [E, [1[1 ¢ ByJ|1[&4]] < (%)k—[logz(ﬁﬂ
Proof. If i € By, either the good or the bad f11ter may have added it. The
behavior of the bad filter on arms inn M¢ is independent of £;. Hence.

Ey [1[i ¢ Byl[L[E4]]

Ey [1[0 + Cs/on(t) = Ly J100, — fis <27V (2 — €)][1[&4]]
< Ev []]-[lvllk - PH < 2 (k+1)(2 - €)]|]]_[81]]
]E’V []]‘[l‘llk - ﬁi < 2_(k+1)(2 - G)H

If i € Bx_1 then i € By by definition. Otherwise, if i ¢ By_1, by Hoeffding’s
Inequality conditional on the value of iy and a sum over conditional probabilities

as in step 0, with probability at least 1 — 2

(1 =€), — 1) — ((1— ey, — i) <27 HD

If MedianElimination also succeeds, the joint event of which occurs with probabil-
ity 2 (1 — 3:2=) by independence’,

(1_€)aik > (1—€)H1k I’L‘L_z (k+1)
P

(1—e)m —p—2 *(2—¢)
= A —epy — 27K (2 —¢).

Then for k > [log2< _emﬂ

(1—e)fu, — > A—em —2 82 —¢) > 27 D2 —¢),
k

"Note that the success of MedianElimination and the concentration of ({1;, — {1;) around (i, —
(i) are independent of the events £; and €, conditioned on in Step 8.
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which implies that i € By by line 15 of FAREAST. In particular,
E[1i € B[t ¢ B 11[&]] > E [, — i > 27 (2 —€)[i ¢ By, 1(E4]]
15 o
>—(1— .
~ 16 (1 4nk2>

Furthermore, i ¢ By by definition. Then for k > {log2 ( 2—¢ ﬂ,

Ai—epy

[L[i ¢ ByJ|1[E4]] = E[1[i ¢ Bil(1[i € By—1] + L[i € Bx—1])[1[E4]]
=E[1[i ¢ By]1[i € Bx_1]|1[E1]] + E[1[i € ByJ1[i € By_1]|1[E4]]

Deterministically, 1[i ¢ By|1[i € Bx_;] = 0. Therefore,

E[1[i & By]1[i ¢ By1]|L[E1)] + E[L[i & ByJ1[i € Bye_1]|1[E4]]
(1 & Byl 1[i ¢ By 4][1[E4]]
[T & By 1[i € By alli & Bi—1, LIEIP(i € By 4[1[E4])
+E [1[i ¢ Bil1[i ¢ Byx_1l|i € Br1, 1[E]] P(i € By_1]1[&4])
=E[1{ ¢ ByJ1[i € Bi_1]i € Bi_1, LIE1]IP(i € By_1|1[E1))
=E [1[i ¢ ByJ[i ¢ Bi_1, LIE]] E[L[i ¢ B _1]IL[E4]]

5 .
(16 in k2)Emh¢Bk1]Ul[81]].

For k < {log2 <—)-‘ trivially, E [1[i ¢ ByJ|1[€41]] < 1. Recall 6 < 1/8. For

> Jlog; (33 ) |
. = 1. 3 1
suigsdiels I] (f+ 7)< (3

5= [lOgZ < Aiz:eeul ﬂ

)k A= .

[]
Claim 2: For ] € Mg, Ziozl 2EV []l[l % Bk,1]|]1[81” (2Tk + HME(TL, Z*k, 1/16)) <
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i An(2—e)? " Ai—ew 5
¢ (Ai—ep)? +c h’( 4-2e ’Zn)

Proof. This sum decomposes into two terms.

3 E, [1fi ¢ B t)[LIE (27 + Hue(n,275,1/16))
k=1
[loga (57| 2
= Ey [1[ ¢ Bx_1]|1[E4]] (HME(TL, 27%,1/16) +2 [22]”3 log (162k )—D
k=1

- 2
+ Z E, [1[1 ¢ By _q]|1[E4]] (HME(n,Zk, 1/16) +2 [22]&3 log (162k >—D
k= Png ( Aiz:(-:eul ﬂ

We begin by bounding the first term.

{log2 ( A12: e )J

2
E, (1[i ¢ By 1JIL[E] (HME(n,zk,um) 2 [zzm log (16“k )D

o
POgZ ( Aiz: g 1 )J

2
(HME(“' 275,1/16) +2 [22”3 log (16151]< >D

N

2
< (c/nZZk log(16) + 2 +2***1og (16nk ))

d
- RN
< 2log, (A_—elll) + (c’nlog(16) +16log (T)) Z 92k
t k=1

[loga (57|
+32 Z 22k log (k)

k=1

2—¢
< 2log, (—Ai — €LL1)
108 (57|

4 (c’nlog(16) + 16log (16%> —H’)Zloglog2 (Az;;)) Z 72k
i— €y —
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2—¢
< 2log, (ﬁ) ¥
(2—¢€)? 16n 2— €
A — e 2 ¢'nlog(16) + 32log log2 -

Next, we plug in the bound from claim 1 controlling the probability that i ¢ By.
Using Claim 1, we bound the second sum as follows:

2
Z Ey [1[ ¢ By 1J[1[E4]] (HME(n,Z_k,1/16) +2 ’722k+3 log (16le )W)

o

- o5 ) :
< Z (%) 1 <c’n22k log(16) + 2 +2***1og (16nk ) )

d

= c'nlog(16) ) <%) k-1 22(+ 1o (25 ) +2i <1) k-1

8

+16i (%>k_1 22+ o8 (5555 ) 10g ton {1+ [logs (55 |

o

+16 i p—3ird2(ketlog, (5255 ) +1) log ton <k " {Ing <A12:€€“1ﬂ )2

d
k=1

5(0 _ ¢)2 (2 —¢€)? 3
e )

k=1

2 —_e; : Zz “log <(k+ [logz (Az_;;lﬂ)z)

, 25(2 — )2 2°(2 —€)? 16n
<3+cnlog(16)(A —€u1)2 + A —€u1)210 < 5 )

210(2

2—¢€
+—(A ~em ) ZZ klog (k+ {log2 (—_ €M1>-D
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We may bound the final summand, ) ;- ;2 *log (k + [log2 ( ﬂ ) as follows:

eu

- 2— 16(2
221‘ log (k + [log2 (—Ai — :M)-D < log ( log, (—( (_ €H1)) ))

Plugging this back into (xx), we have that

(xx) <3+ c'nlog(16) 2°(2—¢)? 29(2 — ¢)? o (1611)

(Ai —ew)? N (Ai —ew)? 5
210(2 — ¢)? 1 ) 16(2 —€)?
" (Ai—em) 8 <5 082 <(Ai - €H1)2>)

Combining the above with the bound on the first sum, we have that

(.¢]

> E,[10 ¢ By 1]1[&]] (2Ti + Huis(n,27%,1/16))

k=1

<C,,(4n(2—e)2 N 4c(2 —€)? o (an ( 4—2e )))
h (Ai—emw)?  (Ar—ew)? 8 °8: (Ai — ewy)?
_ 4c"n(2— 6)2 ' <A —ey b >

(A; — ey )? 4—2¢ '2n

for a sufficiently large, universal constant ¢’ and ¢ from the definition of h(-,-). [

6.F.4.11 Step 10: Applying the result of Step 9 to the result of Step 8

We may repeat the result of step 9 for every i € M¢ and plug this into the result of
Step 8. From this point, we simplify to return the final result.

By Step 8, the total number of samples T drawn by FAREAST is bounded in

expectation by
e —A; 8 8 &/ O
T|&; N &, ,min |h {0.25A;, ~— ) h [ o</EL 2
ETlé 0 &) ClezM max{ (4 2¢ ' 2n ) mm[ ( 2n> (4—2e n
€H1_Ai ) &e o
RS2 2 ) LM A Mg lh [ e, >
+C1€MCZ ( 41— 2¢ '2n)+c| e MMe-al (4—2e Zn)

et+&e /My
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+2 ) Y By[1li ¢ B all1(€]] (21 + Hye(n,275,1/16)) .

ieMe k=1
Applying the bound from Step 9 to each i € M¢, we have that

d ) d Xe d
s, e <o 3 mox (02500, ) min [ (0250, 2 ) (185, 2]}

1EM,

N

5 & )
+c Z h(025(€—Al), %) —I-ClMg ﬂMeJr&e/Mlh (4 i(ezez_)

Mme n
ie et+d&e /g

4TL(2 — 6)2 Ai — €W d
2¢” ——4+h|—m, — |].
e Z (Ai—eul)2+ ( 4—2¢ '2n

ieMe

N

Fori e M{NMeia, /uy, & = minjem, € — Aj > Ay — epy. By monotonicity of
h(, ), h(Zs,2) < W;zez +ch (B ) Therefore,

4—-2e’2n (Aj—ewy) 4—2e ’2n
—€ew d i ) Ke )
T ~__ '2 All_ 4 —I_
[TIE1 N &, clezM max{ ( 1 oc ,zn),mm {h(O 5 2n> h<4_2€ Zn)}}
n(4 —2e) —€np O
2c” ——+h(—m+—, — .
+ (2¢ +c)iEZMC( A —em)? + 4 e ' om

Lastly, note that 57— < 575 for x < 1/2. By monotonicity of h, we may lower
' 1 1 1 1
bound the denommators 15 and ey S s and A

e € (0,1/2] < 1/4. Plugging this in, we see that

respectively. Since
’ 42e Ze

J— 6}1’1 5 . 6 6(‘€ 6
TS 8 _ h .2 All_ Ih 4
MéiNé&l<c E max{ ( 1 ’Zn)'mm [ (O 5 2n> <6(1—e) ZnH}

1EM,

4n Ai—en b
12 o -t - =
+(2c"+¢) ) (Ai_em)z%—h( 1 ’2n)'

ieMe
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Next, we use Lemma 6.33 to bound the minimum of h(-, -) functions.

Ay —epp o . b &e 5
c Z max {h <—4 ,£> ,min lh <0.25Ai, R) ,h (—6(1 o Z)} }

ieM,

4n Ai—€u1 )
" o=y [ S e B
+(2¢ +c).Z T 1)2+h( 1 ,Zn)
ieMg H

Ai—ew 6 A+ = 5
- R(So 2 ) (e ©
CiEZM max{ < 1 '2n>' ( 12 ’'2n

4n Ay —enp O
2¢c” - 4+ h|———, —
+( ¢ +C) Z (Ai—eul)z + ( 4 211)

ieM¢

Finally, we use Lemma 6.32 to bound the function h(,-). Since § <1/2, §/n <
2e~¢/2, Further, |ep; — A < 6foralliand e < 1/2 implies that ﬁleul — Ay <2
and

ﬁmin(&e,ﬁe) < 2. Ay < 8forall i, gives 0.25A; < 2. Lastly, vy < 6/

implies that 6(11510—1/) < 2. Therefore,

Ai—em b A+ < 5
E g —/_ 7 —/_
TE NE&l < Z max {h ( 1 2n> h ( P o

In Ay —en O
2
+(2¢" +¢) Z ﬁ—'—h(T'%)

<chax 6—410 4_1110 ﬂ
S (e —Ay)? E\5 08 Slemy —A)2) )7

T g (Ao, (7B
(Ai + 16:2)2 o : 5 (Ai + 16i€e)2
} 4n 64 4dn 384n
+(2c"+¢) ) (Ai — ey )? + (epy — Ay)? log ( 5 1og, (5(eu1 _Ai)2>)

ieMe

n 1 n n
<eed moc{ ot aion (5108 (57 o))

i=1
e (e ()}
(B ) AR o (o )
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+cC n
6 e (A —ew)?
n 1 n n
- C(’;max{m a8 (5198 (s o =) )

-
(b1 4+ 12 — ) & (1 + 1% — i)

for a sufficiently large constant cs.

6.F.4.12 Step 11: High probability sample complexity bound

Finally, the Good Filter is equivalent to EAST, Algorithm 10, except split across
rounds. EAST is an elimination algorithm. Note that the Good Filter is union
bounded over 2n events whereas the bounds in EAST are union bounded over n
events. The Good Filter and Bad Filter are given the same number of samples in
each round, and the Good Filter can terminate within a round, conditioned on
€1N &,. Therefore, we can bound the complexity of FAREAST in terms of that of EAST
run at failure probability 6/2. If FAREAST terminates in the second round or later, the
arguments in Steps 4 and 5 can be used to show that FAREAST draws no more than
a factor of 18 more samples than EAST, though this estimate is highly pessimistic. If
FAREAST terminates in round 1 (when gaps are large), we may still show that this is
within a constant factor of the complexity of EAST, but the story is more complicated.
In the first round, the bad filter draws at most ¢'nlog(16) + 16(n + 1) log(8n/d)
samples where ¢’ is the constant from Median Elimination. Since we have assumed
that max(A;, |ep; — Ail) < 6(1—¢€) < 6, this sum is likewise within a constant factor
of the complexity of EAST. Hence with probability at least 1 — 6, by Theorem 6.28,

n . 1 n n
T< C5Zmln {max { ((EESIETE log (g logz (6((1 — ey — M)Z)) ¢

i=1
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; log 1082 % :
(1 + 2= — )2 Oy + 7= )?
(u1+1€—u1) ? 8k + £ — )2 '

(1—e+v)? (1-e+vy)n
&t IOg( logz( 5y 3 ))}

samples for a sufficiently large constant cs. O

6.F.5 An elimination algorithm for all €

First, we state an elimination algorithm EAST (Elimination Algorithm for a Sampled
Threshold) and bound its sample complexity. EAST is equivalent to the good filter
in FAREAST. At all times, EAST maintains an active set A and samples all arms i € A,
progressively eliminating arms from A until termination occurs. Additionally, EAST
maintains upper and lower bounds, denoted U, and L, on the the threshold, p; — e
in the additive case and (1 — €)y; in the multiplicative case. If {1;(t) + Cs/n(t) < L,
EAST may infer that i ¢ G (resp. i ¢ M.) and accordingly removes i from A.
If 1i(t) — Cs/n(t) > Uy, EAST may infer that i € G¢ (resp. i € M) and adds i
to a set G of good arms it has found so far. However, a good arm i € G is only
removed from A, if EAST can also certify that it is not the best arm, namely if
fii(t) + Cs/n(t) < max; f1;(t) — Cs/n(t). This ensures that 3 — e € [Ly, U] at all
times in the additive case, and similarly, (1 — €)u; € [Ly, U] in the multiplicative
case. If A C G, EAST may declare that G = G, (resp. G = M) and terminates.
Otherwise, the algorithm terminates when U, — Ly < y/2 and returns A U G in the
additive case or when U; — L; < 52-L; in the multiplicative case. This limits the
number of samples of any arm and ensures that no arm worse than (e + y)-good
is returned. We give pseudocode for EAST in Algorithm 10. Pieces specific to the
additive case are shown in red, and pieces specific to the multiplicative case are

shown in blue.
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Algorithm 10 EAST : Elimination Algorithm for a Sampled Threshold

Require: €,5 > 0, slacky > 0, (if multiplicative, 0 < € < 1/2)
1: Let A < [n] be the active set, and G < () be the set of e-good arms found so far,
Lett <+ 0
2: while A ¢ Gand U; — L > v/2or Uy — L > 5 Lt do
3: Pull each arm i € A and update its empirical mean i(t), Updatet + t+1
4: Update U; <« max;(t) + Csm(t) — e or Uy <+ (1 —
€) (man }’:L] (t) + C5/n (t))

5 Update L, + max; i;(t)—Csn(t)—€eor Ly + (1—e) (max; fij(t) — Cs/n(t))
6: forie A do
7: if ﬁi(t) — C5/n (t) > U, then
8: addito G > Arm i is good
9: end if
10: if |0 (t) + C5/n(t) < L then
11: Remove i from A > Arms in G¢ or M¢ are removed
12: end if
13: ifi € G and 1ii(t) + Cs/n(t) < max; j(t) — Cs/n(t) then
14: Remove i from A > Arms in G, or M. are removed
15: end if

16: end for
17: end whilereturn G U A

Theorem 6.27. Fix e > 0,0 < 6 < 1/2, v € [0,8] and an instance v such that
max(Ai, |le — Ail) < 8 for all i. In the case that G, = [nl, let x. = min(x,, Be). With
probability at least 1 — 8, EAST returns a set G such that Ge¢ C G C G (¢ in at most

i min {max { 64 log (Z_n log ( 768n ))
— (m1— € —pi)? 5 P \S(m—e—w)?))’
256 log (an og ( 768n ))
(1 + e — ps)? 5 P\ 3w o —wi)2) )’
256 < o ( 768n ))}
(M1 +Be — log 82 O(p1 + Pe — 1i)? ’

SR S))
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samples.

Next, we a theorem bounding the complexity of EAST in the multiplicative
regime.

Theorem 6.28. Fix €,6 € (0,1/2], v € [0,min(1,6/w,)) and an instance v such that
max(Ay, lepy — Ayl) < 6 for all i. Assume that w; > 0. In the case that M = [n],
let & = min(&, pe). With probability at least 1 — &, EAST returns a set G such that
Me C G C M ¢4 in at most

" mi 64 192n
;mm{max{(u—e)m—w o8 (3 108: (71— s =) )
>76 lo —10 &
(w1 + 7% — )2 & & S(m+72<)2) )7

576 log (2 og, ( 1728n ))}
)2 S+ £ —w2) ) |’

(Hl + 1666 — 4

5
144(1—e+y) ( ( 1—e+y ))}
Y2ui

samples.

6.F.6 Proof of Theorem 6.27 EAST in the additive regime

Proof. Notation for the proof: Throughout, recall A; = p; — ;. Recall that t counts
the number of times each arm in A has been sampled and thus the number of times
that the conditionals in Lines 6.H.2 and 6.H.2 have been evaluated. Let A(t) denote
the state A at this time before the arms have been eliminated from A in lines 6.H.2
and 6.H.2. Let G(t) be defined similarly. Therefore, the total number of samples
drawn by EAST up to time tis 3 ._, |A(s)].

Fori € G, let T; denote the random variable of the number of times arm i is
sampled before it is added to G in Line 8. For i € G¢, let T; denote the random
variable of the number of times arm 1i is sampled before it is removed from A in

Line 6.H.2. For any arm i, let T, denote the random variable of the of the number
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of times i is sampled before {1;(t) + Cs/n(t) < maxjex {1(t) — Cs/m(t).

Define the event

&= ﬂ ﬂ i (t < Cs/m(t)

n] teN

Using standard anytime confidence bound results, and recalling that that Cs(t) :=

4log (1 2t) /o
Og(ng( )/ ),wehave

Pes) =P | |J I —wil>Conlt)

i€[n] teN
n n 6
<3 P (Ul > Comlt ) 3o
i=1 teN l:1n

Hence, P (&) > 1—6.

6.F.6.1 Step 0: Correctness

Claim 0: On &, first we prove that G(t) C G¢ forallt € N.
In particular, this shows that EAST never incorrectly add arms in G¢ to the set G.
Proof. We begin by showing that on € the best arm is never removed from A for all

t. Note for any i

L+ Cs/mlt) > = i 2 4(t) — Csm(t) > i(t) — Csm(t) —e.
In particular this shows, i1 + Cs/n(t) > maxiea fLi(t) — Cs/n(t) — € = L} and
fu + Cs/n(t) > maxiea fLi(t) — Cs/n(t) showing that 1 will never exit A in line
6.H.2.
Secondly, we show that at all times t, u; — € € [L¢, U,]. By the above, since
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never leaves A,
U, = max L)+ Csmt) —e 2 ut) + Csm(t) —e > —¢

and for any 1,

H—e>p—e = (t)—Csm(t)—e

Hence 11 — € > max; f1i(t) — Cs/m(t) — e = Ly.
Next, we show that G(t) C G¢ for all t > 1. Suppose not. Then 3,t € N and
i € GE N G(t) such that,

i = () = Cosmt) 2 U 2 g — e >y,

with the last inequality following from the previous assertion, giving a contradiction.
O

Claim 1: Next, we show thaton &, G. C A(t) UG(t) forall t € N.

In particular this implies that if A C G, then Gc C G. Combining this with
the previous claim gives G C G C G, hence G = G.. On this condition, EAST
terminates by line 2 and returns the set A U G = G. Note that by definition,
Ge C G(eqy) forally > 0. Therefore EAST terminates correctly on this condition.

Proof. Suppose for contradiction that there exists i € G, such thati ¢ A(t) U
G(t). This occurs only if i is eliminated in line 6.H.2. Hence, there existsa t’ <t
such that 11;(t") + Cs/n(t’) < L. Therefore, on the event &,

3 3
tr— e > Lo = max fy(t') — Co/n(t') — e > 1(t) + Co/m(t’) >
which contradicts i € G.. O

Claim 2: Finally, we show thatif Uy — L <7v/2,then AU G C G(ey)-

Combining with the previous that Ge C A U G, if EAST terminates on this
condition by line 2, it does so correctly.
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Proof. Assume U; — L; < /2. This implies that

(max {;(t) + Cs/m(t) —€) — (max [i(t) — Cs/n(t) —€) = 2Cs,/n (t) <v/2.
ieA(t) ieA(t)
Suppose for contradiction that there exists i € G, such thati € AU G. Since
Ge N G{, ) = () and we have previously shown than G(t) C G, for all t, we have
thati € A\G. Therefore, by the condition in line 6.H.2, 1;(t) + Cs/n (t) > L;. Hence,

e
i +2Cs/n(t) = f1i(t) + Cs5/n(t) > Li. By assumption, we have that U, —y/2 < L,
and the event € implies that Uy > p; — €. Therefore, p; +2Cs/n(t) > Uy —v/2 >
H — € —v/2. Combining this with the inequality 2Cs ,, < v/2, we have that

ieG(CHy)
Y2 2Csm(t) +v/2>2 1 —€e—wp > vy

which is a contradiction. O]

Therefore, on the event &, if EAST terminates due to either condition in line 2, it
returns AU G such that Ge C AUG C G(ey). Since P(€) > 1 — 9, EAST terminates
correctly with probability at least 1 — 5.

6.F.6.2 Step 1: Controlling the total number of samples given by EAST to arms

in G,

To keep track of the number of samples that arms are given by EAST, we introduce
random variables T; and T/ for all i € [n]. When arm 1 has been given max(T;, T,)
samples it is removed from A in line 6.H.2.

By Step 0, only arms in G, are added to G. Therefore, T; is defined as

{ ieGe(t+1) ifieGe}g fii — Cs/m(t) > U, ifie G

Ti=min<t: o L =minqt:

igA(t+1) ifie G i+ Csm(t) <L, ifieGe
(6.24)

Similarly, recall T, denotes the random variable of the of the number of times 1 is
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sampled before f1;(t) + Cs/n(t) < maxjeq f1j(t) — Cs/n(t). Hence,

T/ = min {t 04(6) + Can(t) < max (1) - cs/n(t)} (6.25)
)

Claim 0: For i € G, we have that T; < h(0.25(e — A;),d/n).
Proof. Note that, 4Cs/n(t) < p; — (1 — €), true when t > h (0.25(e — Ay), 2),
implies that for all j,

€
fi(t) = Cs/m(t) = g —2Cs/n(t)
> +2Cs/n(t) — ¢
Z W +2Cs/m(t) —€
€
> [1;(t) + Csn(t) — €
so in particular, {1;(t) — Cs/n(t) = maxjea f1j(t) + Cs/n(t) —e = Uy. ]

Claim 1: For i € G, we have that T/ < h(0.25A;, §/n).
Proof. Note that 4C;s, (t) < w3 — py, true whent > h (0.25Ai, %), implies that

i +2Cs/m (1)
1—2Cs/n(t)

1(t) — Cs/n(t).

()

+
@)
o
~
B

i (t)

N N A
T £

=)

Asshownin Step 0,1 € A(t) forall t € N, and in particular {i;(t) < maxica(t) fLi(t).
Hence, {1;(t) + Cs/n(t) < maxjea(r) f4(t) — Cs/n(t). [

6.F.6.3 Step 2: Controlling the total number of samples given by EAST to arms
in G¢

Claim: Next, we show that T; < h (O.25(e —Ay), %) forie G¢
Proof. Note that, 4Cs/n (t) < 1 —e—py, true when't > h (0.25(e — A;), 2), implies
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that

(t) +2Cs/n(t)

— 2C5/n(t) — €

- Cé/n(t) —€

i (t)

+
O
(=g
~
3
T E

NN N

=
£

—
o)

Asshownin Step 0,1 € A(t) forall t € N, and in particular {i;(t) < maxica(t) fLi(t).
Therefore (1;(t) + Cs/n(t) < maxjenq {15(t) — Cs/n(t) — e = Li. O

6.F.6.4 Step 3: Bounding the total number of samples drawn by EAST

With the results of Steps 1 and 2, we may bound the total sample complexity of EAST.
Note that independently of the event £, EAST terminates if U, — Ly < y/2. Let the
random variable of the maximum number of samples given to any arm before this
occurs be T,. Additionally, EAST may terminate if A C G. Let the random variable
of maximum number of samples given to any arm before this occurs be T, g.. Note
that due to the sampling procedure, the total number of samples drawn by EAST at
termination may be written as Zrtmr; (TrToepe) | 4 (1)),

Now we bound 3 ™™ eebe) | 4(t)|. Let S; = min{t : i & A(t + 1)}. Hence,

min(Ty, Taepe) min(Ty,Tacge) n n min(Ty, Tecpe)
Y A= Z Z]lleﬂ 1=> 1fi € A(t)]
t=1 i=1 t=1
=) min{T,, Top., S}
i=1

For arms i € G¢, S; = T by definition. For i € G, S; = max(T;, T) by line 6.H.2 of
the algorithm. Then

Y min{T,, Top,,Sit = Y min{Ty, Top,, max(T, T))}+ ) min{T,, Top,, Ti}
i=1

i€G. ieGe

— Z min {T,, min{Ty_p., max(T;, T))}} + Z min{T,, To.p., Ti}

i€G. i€Ge
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— Z min {T,, max{T;, min(T,, To_p )1} + Z min{T,, To.p., Ti}
i€Ge ieGe
We may define T, := min{t : Uy — Ly < v/2}. Note that 4C;s,,,(t) < v, true when
t > h(0.25y, 8/n) implies that
U.—L; = (1 (t)+Cs/n(t)—e)— (1 (t)—Cs/m(t)—e) =2Cs /(1) < v/2.
t—L¢ (irgr}{aé)u(H s/n(t)—€) &2}3’5)“” s/m(t)—€) s/m(t) <v/

Therefore, we have that T, < h(0.25y,8/n).

Next, we may define T, g, = min{t : A(t) C G¢}. By step 0, on the event ¢,
A C G implies that G = G¢. Therefore, T . may be equivalently defined as
Ta.p. = min{t : G(t) = G¢ and G N A = 0}. Recalling the definition of T;, we see
that Ty, ., = max;(Ty).

Recall thatby steps 1and 2, T; < h (0.25(e — A;), 2) and T < h (0.25A;, 2). Fur-
thermore, by monotonicity of h(-, -), this implies that T g. = h(0.25min(x,, B¢),d/n).
Plugging this in, we see that

Z min{T,, max{T;, min(T,, To_ps.)}} + Z min{T,, Ta.p., T2}

ieGe ieGe

= Z min{T,, max {T;, min(T,, To . )} + Z min{T,, T;}

i€Ge ieGg

< Z min {max {h (0.25(6 —Ay), %) ,

i€Ge
) 5 . 5
min |h | 0.25A;, — | ,h [ 0.25min(x,, Be), — ,
n n

o)

T Z min {h (0.25(e —A), %) h (0.25 min(xe, Be), %) }

ieGe

= ; min {max {h (O.25(€ —Ay), E) /
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min {h (0.25A1, é) ,h (0.25 min(oe, Be), é)} } ,
n n
h (0.257, é) }
n

where the final equality holds by definition for arms in G.. Next, by Lemma 6.33,
we may bound the minimum of h(-, -) functions.

Zmln{max{ <A4 € i),min [h (%,%),h(—min(ze'ﬁe),%>]},
Y &
h(M)}

 min {max {n (%35, 7)
:me max < h ,— |,
— 4 n

A € 0 Ai—i—oce ) Ai+Be d
_me{max{ ( 1 n)'h< 3 'E)'h( 3 'E)}'
Y &
n(E)

Finally, we use Lemma 6.32 to bound the function h(,-). Since § < 1/2,/n

<
2e~¢/2. Further, max(A;, |e—A;|) < 8 for all i, we have that 0.25A; < 2,0.25/e —A;| <
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2,and 0.25min(«, fe) < 2. Therefore,

Yo o {n () (B (B0

64 2n 192n
< 3 min {max {1 tem (10w (7075 7) )
256 log <2—nlog ( 768n ))
(A + e )? 5 2 \8(A + )2 ) )
256 log (2_n log ( 768n ))}
(A +Be)? b 2\ 5(A + Be)? ’
64 2n 192n
s (2, (2]
:imin {max{ 64 log (Z_n log ( 768n ))
— (1 — € — pi)? 5 2 \8(m—e—w)?))’

256 o (Z_n o ( 7681 ))
(it oe — )2 o\s 982 \5( +oe — )2/ )"
)

256 o <2_nlo ( 7681 ))}
(W1 + Be — 1i)? 5 082\ 5 + Be — )2 ’

8
% o 2n 2n, 192n
v 08 82 | T5y2 '

6.F.7 Proof of Theorem 6.28, EAST in the multiplicative regime

Proof. Notation for the proof: Throughout, recall A; = p; — ;. Recall that t counts
the number of times each arm in A has been sampled and thus the number of times
that the conditionals in Lines 6.H.2 and 6.H.2 have been evaluated. Let A(t) denote
the state A at this time before the arms have been eliminated from A in lines 6.H.2
and 6.H.2. Let G(t) be defined similarly. Therefore, the total number of samples
drawn by EAST up to time tis 3 ;_, |A(s)l.
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For i € Mg, let T; denote the random variable of the number of times arm 1 is
sampled before it is added to G in Line 8. For i € Mg, let T; denote the random
variable of the number of times arm i is sampled before it is removed from A in
Line 6.H.2. For any arm i, let T, denote the random variable of the of the number
of times i is sampled before {1;(t) + Cs/n(t) < maxjex {1(t) — Cs/n(t).

Define the event

& = ﬂ ﬂ ’Hl Cé/n( )

n] teN

Using standard anytime confidence bound results, and recalling that that Cs(t) :=

4log (1 2t) /6
Og(og‘i( )/ ),Wehave

PE)=P| |J [JIw—nil> Comlt)

i€[n] teN

gZP<U|H’1 PL1|>C6/n > Z
i=1

teN i=1

3|0q

Hence, P (&) > 1—6.

6.F.7.1 Step 0: Correctness

Claim 0: On &, first we prove that G(t) C M forallt € N.

In particular, this shows that EAST never incorrectly add arms in M¢ to the set
G.
Proof. Firstly we show 1 € A for all t € N, namely the best arm is never removed
from A. Note for any i such that {i;(t) — C5/n(t) > 0,

fu 4+ Cs/m(t) > w1 = py = 1i(t) — Csym(t) > (1 —€)(1i(t) — Cs/m(t)).
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For i such that f1;(t) — Cs/n(t) <0, if (i + Cs/n(t) > 0, then

(L + Cs/n(t) 20> (1 —e€)(fii(t) — Cs/n(t)).

Note that {i; + C5/n(t) < 0 implies on the event € that u; < 0, which contradicts
the assumption that i; > 0 made in the theorem. In particular this shows, {i; +
Cs/m(t) > (1—e€)(maxiea fi(t) —Cs/n(t)) = Ly and {i; + Cs /n (t) > maxieq fii(t) —
Cs/n(t) showing that 1 will never exit A in line 28.

Secondly, we show that at all times t, (1 — €)py € [L, U]. By the above, since
never leaves A,

Ue = (1 —e)(maxfii(t) + Co/n(t)) > (1 —e)((t) + Co/n(t)) > (1€l
and for any i,

(IT—eju > (T—e)ui = (1 —€e)(fuit) — Cs/m(t))

Hence (1 —€)w > (1 — €)(max; fi(t) — C5/n(t)) = Lt.
Next, we show that G C M. forall k > 1,t > 1. Suppose not. Then 3,k,t € N
and Ji € M¢ N G(t) such that,

i = () = Csm(t) 2 U 2 (1 =€)y > 1y,

with the last inequality following from the previous assertion, giving a contradiction.
O

Claim 1: Next, we show thaton &, M. C A(t) UG(t) forall t € N.

In particular this implies that if A C G, then M. C G. Combining this with
the previous claim gives G C M C G, hence G = M. On this condition, EAST
terminates and returns the set A U G = G. Note that by definition, M. C M ¢4+,
for all y > 0. Therefore EAST terminates correctly on this condition.

Proof. Suppose for contradiction that there exists i € M, such thati ¢
A(t) U G(t). This occurs only if i is eliminated in line 6.H.2. Hence, there exists a
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t’ < tsuch that 1;(t") + Cs/n(t’) < L. Therefore, on the event &,

- Slo=(1—¢) (rjrglx () — cé/n(t')) S () + Coynlt) 5
which contradicts i € M.. O
Claim 2: Finally, we show that on &, if Uy — Ly < 7%-L¢, then AU G C M(c4y).
Combining with Claim 1 that M. C AU G, if EAST terminates on this condition,
it does so correctly and returns all arms in M and none in M{
Proof. By Claim 0, G € M. C Mc,,. Hence, GN M¢
wish to show that AN M{_ .,
U — L < 5% L. Recall that

e+vy)’

ciy) = 0. Therefore, we

) = 0 which implies that GN A C Mc,. Assume

U=(1—¢) (max alt) + cé/n(t))

ieA

and
L=(—¢ (max ) — cé/n(t))

icA
All arms in A(t) have received exactly t samples. Hence, Uy — Ly =2(1—€)Cs/n(t).
On &, Ly < (1 — €)wy This implies that

Y 1—¢
2(1—¢€)Cs/n(t L < ,
(1—¢€)Cs/ ()<2_€ tS 5 Y
and in particular,
YH1
2Cs/m(t) < .
smlt) < 2

Therefore, we wish to show that when the above is true, then for any i € Mg,
Ly — (f1i(t) + Cs/n(t)) > 0, implying that i ¢ A.

Lo (fu(6) + Coyn () = (1—€) (max o — cs/n(t)) (s (t) + Com(t))

jEA

> (1—¢) (rjréa}lx 1 —2C5/n(t)> — (1 +2Cs/n (1))
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S (1= €) (11— 2Csm (1)) — (1 — € —v)ps +2Csm (1))

=y —2(2—¢€)Cs/n(t)
Y1
2—¢€

> v —(2—¢€)
=0

which implies that i ¢ A. Inequality (a) follows jointly from the fact that 1 € A and
the fact that all arms in A have received t samples implies maxjc4 1j —2Cs/n(t) =
w — 2Cs/n (t). Additionally, inequality (a) follows from p; < (1 — e —y)py since
ie Mg, O

Therefore, on the event &, if EAST terminates due to either condition in line 2, it
returns AU G such that M, C AUG C M(¢4). Since P(€) > 1— 5, EAST terminates
correctly with probability at least 1 — 5.

6.F.7.2 Step 1: Controlling the total number of samples given by EAST to arms
in M,

To keep track of the number of samples that arms are given by EAST, we introduce
random variables T; and T/ for all i € [n]. When arm 1 has been given max(T;, T,)
samples it is removed from A in line 6.H.2.

By Step 0, only arms in M are added to G. Therefore, T; is defined as

{ ieGt+1) ifieMe}e i —Com(t) 2 Uy ifie M

Ti=minq{t: o =min« t:

igA(t+1) ifie Mg fii + Cs/m(t) <Ly ifieMS
(6.26)

Similarly, recall T/ denotes the random variable of the of the number of times i is

sampled before fi;(t) + Cs/n(t) < maxjeq f1j(t) — Cs/n(t). Hence,

T = min {t : 1 (t) 4+ Co/m(t) < max fi(t) — Cs/n(t)} (6.27)

jeA(L)

Claim 0: For i € M., we have that T; < h (&8¢ 8,

4—2e 'n
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Proof. Note that p; —2Cs/n(t) > (1 — €)(11 + 2Cs/n(t)) may be rearranged as
(4—2€)Cs/m(t) < ey — Ay, and this is true when t > h (£8222¢ 2) This condition
implies that for all j,

fi(t) — Cs/m(t) ; Hy —2Cs/m (1)
> (1—€)(u +2Cs/n(t))
> (1—€e)(w +2Cs/n(t))
> (1— e)(f(t) + Co/n (1)
so in particular, {1;(t) — Cs/n(t) = (1 — €)(maxjea f1(t) + Cs/n(t)) = Us. H

Claim 1: For i € M, we have that T/ < h(0.25A;,8/n).
Proof. Note that 4C;s,(t) < w3 — py, true whent > h (0.25Ai, %), implies that

(t) i +2Cs/m (1)

1—2Cs/m (t)

1(t) — Cs/n(t).

-
)
o
~
3

i (t)

N N A
T T

=)

Asshownin Step 0,1 € A(t) forall t € N, and in particular fi;(t) < maxica(t) fLi(t).
Hence, [1;(t) + Cs/n(t) < maxjea(r) (1) — Cs/n(t). L

6.F.7.3 Step 2: Controlling the total number of samples given by EAST to arms
in M¢
Next, we bound T; for i € M. 1 € M is eliminated from A if it has received at
least T; samples.
Claim: T; < h (8=, 3) fori e M¢
Proof. Note that p; +2Cs/n(t) < (1 — €)(1 —2Cs/n (t)) may be rearranged as
(4—2€)Cs/n(t) < Ai— €qy, and this is true when t > h (2=t 2)_ This condition
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implies that
(1) + Cs/n(t) < s +2Csm (1)
< (1— €)(p1 — 2Cs m (1))
< (1— &) (fu(t) — Cs /(1))

Asshownin Step 0,1 € A(t) forall t € N, and in particular {i; (t) < maxica(t) fLi(t).
Therefore {1;(t) + Cs/n(t) < (1 — €)(maxjea f1;(t) — Cs/n(t)) = L. u

6.F.7.4 Step 3: Bounding the total number of samples drawn by EAST

With the results of Steps 1 and 2, we may bound the total sample complexity of EAST.
Note that independently of the event £, EAST terminates if Uy — Ly < 52-L;. Let the
random variable of the maximum number of samples given to any arm before this
occursbe T, := min{t : U—L; < 5*-L}. Additionally, EAST may terminateif A C G.
Let the random variable of maximum number of samples given to any arm before
this occurs be T5_j_. Note that due to the sampling procedure, the total number of

(Ty,T,
samples drawn by EAST at termination may be written as Zrtmri vlache) lA(t)].

Now we bound Zimr; (v Tacpe) \A(t)]. Let S; = min{t: 1 &€ A(t + 1)}. Hence,

min(Ty, Ty 5.) min(Ty, Ta 5.) n n min(Ty,Ts 5.)

> A= Z Z]lteﬂ :Z Z 1i € A(t)]
t=1
:Z ln{TY/ &efer Si}
i=1

For arms i € M¢, S; = T; by definition. For i € M., S; = max(T;, T{) by line 6.H.2
of the algorithm. Then

Zmin {T, Tap. Si} = Z min {Ty, Ty 5., max(T, T{) } + Z min {T,, Ty 5., T}

ieMe, ieM¢
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= Z mm{Ty,mln{T& g, max(T, T)) }}+ Z mm{ v Tacp. /Ti}

1eEMe ieM¢
= Z min {T,, max {T;, min(T{, T, 3.)} } + Z min {T,, Ty 5., Ti }
1EM, ieMg¢

Next we bound T, .
Claim: On ¢, T, < h < Y %)

2(2—e+vy)
Proof: C;s/(t) < Z(ZZQW is true whent > h (2(2ﬂ€1y) ) Note that
YH1 Y
Comt) < m————— <= 2Cs/n(t) < — —2Cs/n(t)).
s/n(t) 22—c+v) 5/n(t) z_e(ul 6/())

This implies that

Uy — L =2(1 - €)C6/n(t)

1—e¢
< Zﬁﬁ/ (m1 —2Csn (1))

1—¢

< f1(t) — Cs/m(t
2_€Y(Hl() 5/ ())
1—¢ R

Sy oY (ng L — Cs/n(t))
Y

= L
2—¢ '

O

Next, we may define T;_5_ = min{t : A(t) C M}. By step 0, on the event &,

A C G implies that G = M.. Therefore, T5_;_may be equivalently defined as

Ts.p. =min{t: G(t) = Mcand M{ N A = 0}. Recalling the definition of T;, we see
that Ty 5. = max;(Ti).

Recall that by steps 1 and 2, T; < h (82 2) and T/ < h (0.254;, 2). Fur-

thermore, by monotonicity of h(-,-), this implies that T, 5. = h (%ﬁfe), %)

Plugging this in, we see that

Z min {T,, max {T;, min(T{, T, 5.)} } + Z min {Ty, Ty 5., T}

ieEM, ieM¢
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= Z min {T,, max {T;, min(T{, T, 5.)} } + Z min{T,

ieM, ieM¢

i et — A 2 5\ , (min(&e,Be) 9
< ieZM min {max {h (41_—2€ n) min [h (O.ZSAi, E) h (ﬁ' E)] } ,
( 2(2 —€+y H)}
€ — Y1 d
+ 3 mndn (P50 1) (e ) )
LI Epn o min(&e, fe) &
:;mm{max{ < 41 > 'n> mm{ <0.25Ai,5),h(—4_2€ ’E)l}'

Hi o
h(m2—e+v)ﬁ>}

where the final equality holds by definition for arms in M. Lastly, note that 5 <

1
—x)
5 for x < 1/2. By monoton1c1ty of h, we may lower bound the denormnators

1 1
15 and 22—etv)

likewise lower bound

and

as ; respectively. Since e € (0,1/2], we may

6(1 e) 6(1— e+y

- as 1/4. Plugging this in, we see that
e —A; 8 (min(&, Be) §
me{max{ < 1 oc ’ ) min [h(O.25AUn>,h< 1 oc 'n)]}'
Y o
(o))
me max Jh SR 20 Ai , 2 ,min O.25Ai,é Jh M,é ,
4 'n n 6(1—e) 'm
vk 3
"ot )

Next, by Lemma 6.33, we may bound the minimum of h(-, -) functions.

A € 5 . Ai d i (~ezBe) o
i fm {n (35 3 n () (5 )]




331

' Ai 5 Ke ) Be 5
(58 e ) )

. Ai—eui o Ai+15:€€ o Ai+1[~3_e€ )
me{maX{ S 'E)’h<T'E)’h<T’H '
p(o Y ®
6(l—e+7v)'n

Finally, we use Lemma 6.32 to bound the function h(-, ). Smce 0<1/2,6/n <
2e~¢/2, Further, |en; — A < 6foralliand e < 1/2 implies that -7 |€H1 A <
ﬁ min(&e, Be) < 2. A; < 8forall i, gives 0.25A; 2. Lastly, < 6/;,L1

implies that 6(11/51Lv) < 2. Therefore,

" A — e b Ai+ 2 Ai+ =
i r /h /N /h r ’
;mm{max{h< 1 n) ( B o B o

Zmn max 64 — 1 2—nl —192n
' (e — A2 8\ 8 Slemy —A)?2) )

and
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576 1og ( ( 1728n )) ,
(A + )2 O(Ai + “e
576 1728n
e (P (i) )
144(1—e+y) 1—e+v
v? PL1 ( ( oy? PL1 ))}
= i min {max{ o4 > log (— log < 192n )> ,
— ((1—e)m — p)? 5 TA\S((1—e)m — i)
5~76 log <2—nlog2 <—17281~1 )) ,
(b + 25 —w)? 5 5 + =57

576 log (Z_n log < 1728n )) }
(1 + £25 — )2 8 P\ sl + £ —w2) ) )]

144(1 — e +v)? 2n 432(1 — e +v)*n
1 —1 .
Y2Hi B\ B Sy2ui

6.G Comparison to top k

In the comparison to the complexity of a thresholding algorithm given the value
of u3 — € or (1 — €)py is more transparent and can be read off of the upper and
lower bound for aLL-€ directly. As we comment throughout and test in our experi-
ments, the equivalent Tor-k problem would be if |G| were know to the algorithm.
Furthermore, we note that (ST)? is similar in its sampling strategy to LUCB1 by

( ). In fact, we show in our experiments, that (ST)?
achieves similar performance as LUCB1 given the value of |G.|. In this section we
compare the complexity of (ST)? to the complexity of LUCB1 given the value of |G|
and show that they are within a constant factor. We focus on the additive case
with a particular choice of € but the idea is more general. As long as € is such that

e ~ 3 which is true except in pathological cases the same intuition is true for a
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different constant. This equivalence is true despite LUCB1 having more information
about the instance than (ST)?! In all cases for this section, lety = 0 for clarity.
In the case of Tor-k, gaps are defined as:

Ak =

1

W— ey, if1<i<k
<

W — Wi, 1fk+1 1<n

Further, define ¢ = et (2012) show that

AY/2 <l — ¢ < AK

Mic+ i1
2

Hence, we may compare to as opposed to py or 1 and pay only a

constant factor. We are interested in the setting where G. = p. Let

Mk + Hi+1
E=W — ——.
2
Then
U — € = Hi + Hk+1_
2
Furthermore,
a i+ Bl Bk — Mkl
Xe = Pe = px — = :
2 2
For arms in G¢ (arms k+1,---,n),
1 1

(i —e—w)? (% — pi)zl

matching their contribution to the complexity of returning the top-k arms up to a
constant, given in Theorem 6 of (2012), the upper bound on
the complexity of LUCB.

For arms in G, Theorem 6.5, their contribution to the sample complexity is

1 1 1
max " 5 5 5
(Bt — )" (e — )™ (o + e — 1)
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(Hk 2Hk+1 _ PLi) (Hl + M Zuk+1 _ Hi)

For 1 such that p; < _ungl»lk

1 1 1
max{ Mt M1 27 Me—Hi4+1 . 2} Mkt . 27
(B — )™ (o — ) (Bt — )

equal to that arm’s contribution to the top-k bound. For i such that p; > %,

W+ Hie — Bl TR B — Hierr Ha B
2 2 2
_ 211 — g — Wi F Bk — Kk
2
e Bl
2
1 Hi + M1
> (- )
2 (”1 2
Hence, their contribution to all-e is at most ——%——. Note that

M tHr41
(“1* 2 )

Mk + Hk+1 Mk + K1
Hi - T < Hl - T

Hence, for such arms, their contribution to the bound in top-k is at least

1

(Hl _ Hk+2uk+1 )2 )

M+ Hii1

Combining all pieces, we see that the complexity of (ST)> when € = p; — -+

is within a constant factor of that of LUCB1.
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6.H An elimination algorithm for general Lipschitz

functions of the best arm

6.H.1 More general subsets of arms

EAST can be modified to find subsets of arms that satisfy a more general threshold
condition. For a given I : R — R, say we want to find the set Gr(v) of all arms

whose means are at least I'(, ), i.e.,
Gr(v):={:m >T(w)k (6.28)

An example of the above good set is finding all multiplicative e-good arms, which
corresponds to I'(x) = (1 — €)x. Other choices that could be of interest depending
on application are polynomials, exponential etc. The original good subset of arms
in (6.1) is the case when I'(x) = x — €. To obtain Gr(v) correctly with probability
1 — 8, we modify line 4 in EAST to be the following.

Update U, < max I'(x) and L\ <~ min I'(x), (6.29)
x€l[a,b] x€[a,b]
where a := rjrée}qx (i — Cs/n(t), b= rjréaﬂx i + Cs/n(t). (6.30)

If parameter y > 0 is used, line 2 of EAST is modified to be the following.
while A ¢ G and max{2C;  (t), Uy — L} > v/2 do

Then the returned G U A satisfies Gr(v) CGUA C{i:u =>T(w) —vh

Theorem 6.29. For any instance v, any choice of & > 0, and any threshold function T'(-)
the modified EAST algorithm returns a set G U A that with probability 1 — 8, contains
all arms in the good set Gr(v) defined in (6.28), and no arms with mean values less than
M) —y.

Proof Sketch. The main step is to show that in the good event {|; € [{i; —
Cs/m(t), i + Cs/m(t)IVi € Ay, Vt € N} the threshold value I'(p;) € [L¢, U] at all
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times t, because

a:= ?elix iy — Cs/n(t) 2 Harg maxje.a, (2 VE} (2) u (%) 5161% i+ Cs/m(t) =b,
where (i), (iii) are valid because the bounds for all arms are correct in the good
event, (ii) is because y; is the largest mean, and (iv) is because in the good event
arm 1 € A atall t. Thus u; € [a,b] and from (4), I'(w,) € [L¢, U] at all times. So
we can correctly eliminate arms using L and U.

For Lipschitz-continuous I'(-), modified EAST has a sample complexity similar
in form to EAST itself, Theorem 6.27.

Theorem 6.30. Fix & € (0,1/2]. Let ' : R — R be Lipschitz-continuous with constant
L >0,ie,|lx+y)—TKx) <Lyl forall x,y € R. Define Al :=T () — w Vi # 1.
Fixy € [0,8max(1, L)) and an instance v, such that max{%, Zf—éﬁ} < 2 forall i. With
probability at least 1 —, the modified EAST algorithm returns the set G U A which satisfies
Gr(v) C GUA C{i:u = I'(w) — v} after the following number of samples:

me (8L o (24(1+L)n
AT Az B\ %\ sar ’

min {6 log <2n1 0g, <%>)

A? 5A2 ) )
8(1+ £)? o <2—nlo < 24(1+L)n ))}}
min(al, BL)? 5\ 98 dmin(al, BL)? ’

64 max(1, L) 2n 192max(1, L)n
v log ( 5 log, ( 5y2 ))} (6.31)

where & == w—T (1), and B == T(n1)—tw1 if Gf # 0 and oo otherwise.

As expected, plugging I'(x) = x—¢, L = 11in (6.31) gives us the same expression

as in Theorem 6.27.
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6.H.2 Proof of Theorem 6.29

We first show that arm 1 is always present in A. For if not, at the earliest time t

when arm 1 is not in A, we have that either

L+ Cs/n(t) <Ly, (6.32)
or i3+ Cs/m(t) <a. (6.33)

Inequality (6.32), if satisfied, would remove arm 1 from A at step of EAST , while
inequality (6.33) would remove it at step . We show next that neither of these can

be true in the good event € when all the bounds are correct. If (6.32) is true, then

w <Ly = min T(x) = W ¢ [a,bl.
x€la,b]

Denoting j* := arg maxjc4 1) {ij, since u; < b, the above inequality implies that
l < pj-, which is a contradiction. Inequality (6.33) implies that p; ¢ [a, b], which
leads to a contradiction in the same manner as above.

In the good event &, the threshold value I'(p; ) € [L, U] at all times t, because

A () @ @ v

a = l;reli)t( N — Cé/n(t) < !'Largmaxjeﬂt 0 < H1 < W < 1)'1'61?4{5 5] + Cé/n(t) = b/
where (i), (iii) are valid because the bounds for all arms are correct in the good
event, (ii) is because p; is the largest mean, and (iv) is because in the good event
arm 1 € A atall t. Thus y; € [a,b] and from (4), I'(wy) € [Li, U] at all times. This
allows us to show G(t) C Gr at all t, for if not, there is an arm i € Gf N G(t) such
that

iy > (1) — Cs/m(t) = Ue > T() > Wy,

where the last inequality is because i € Gf and yields a contradiction. Next we

show Gr C A(t) U G(t). For if not, suppose arm i € Gy is eliminated at time t’. On
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the event € that implies
M < () + Com(t') < Lo <),

which contradicts thati € Gr. Finally, we show that if max{2Cs /. (t), Uy —L¢} < v/2,
then A(t) UG(t) C{i:u = I'(1) — v} Suppose not, then there is an arm i whose
i < I'(u1) — v and it is present in A(t) \ G(t), so that from lines 8 and 11

Uy > 5 — Cs/m(t) and [+ Cs/n(t) > Ly
Then using max{2Cs /n (t), Uy — L¢} < v/2, we have that
max(Uy, (i + Cs/n(t)) —min(Ly, fii — Cs/n(t)) < Ug — L +2C5 /0 () <,
which under event € implies w; > I'(py) — v giving a contradiction.

6.H.3 Proof of Theorem 6.30

The proof proceeds in a manner similar to the proof of Theorem 6.27by first obtain-
ing bounds on T;. For arm i € Gf, we show T; < h(A{/(2+ 2£),8/n) by arguing
that in the good event &, for all t > h(A{/(2+2£),5/n) the arm iis notin A(t). Let
j* = argmaxjca(t) [i. Then,

fLi + Cs/n(t) <L = min I'(x)
t /m t XG[ﬁtj*7C5/n(t),ﬁj*+c(§/n(t”
< min I'(x),
x€[1—Cs/n (t), 5+ +Cs/n ()]
& . .
< i +2Cs/n(t) < min IMNx) < min I'(x)
x€[H1—2Cg/m (), Hjx+2Cs ()] x€[H1—2Cs/m (1), 11+2Cs n (1)]

< T(w) —2LC5/n (1),
S (242L)Cs/m(t) <T() —w =A{ <=t >=h(A{/(2+2L),§/n).

The chain of inequalities above are true as we are increasing the domain of the min-

imization at each step. The reverse implication is true under €. We can argue about
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T; for i € Gr in a similar manner. Furthermore, for i € G, T/ < h(0.25A;,8/n) is
true in exactly the same way as before. To obtain the final sample complexity, we
use Tg and T,,.. As before, Tg = max;{Ti} = h(min(x.,3.)/(2+2£),8/n). The only
difference is in the expression for T,, which because of the stopping condition in
modified EAST, is defined as

T, = min{t : max(2Cs/n (t), Uy — L) < v/2}%
2Cs/n(t) <v/2is ensured when t > h(0.25y, §/1). For the other part, we have that

U, — L = max Mx) — min I(x) <2LCs/m(t).
X € [fLy¢ —Cpn (1), M1+ +Cp/m (t)] XE[fx —Cps/n (1), 5+ +Csn (t)]

Thus U, — Ly < v/2is ensured when 2LCs/,, (t) < v/2, which occurs when t >
h(0.25y/£, 8/n). Thus T, = h(0.25y/max(1, £), d/n). Plugging in the expressions
we obtain the final sample complexity as

= Al & 1 &
;min {max {h <2—|—12L'E) ,min {h (0.25Ai, E) ,h (2+2L min (., BL), E)} } ,
h 0.25y é
max(1,£) ' n

Finally, we use Lemma 6.32 to bound the function h(,-). Since 6 < 1/2,§/n <

2e¢/2, Further, recall that we have assumed max{%, Zfé =} < 2for all i. Likewise,

< 2. Lastly, vy < 8max(1, £) implies that ma2.€1% o7 S 2.

min o, BL
2420

this implies that
Therefore,

= AlB 8 min(«’,p.) &
i - - i 2 Ail_ s = < 7 ’
;mm{max{h(z_i_zﬁ,n),mm {h(O 5 n> h( IY; n)]}
h 0.25y é
max(1,£) ' n

s 2
< 3 min {ma {20 o (2 (HALEEIY Y,
i=1 i i
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min %1 2_111 92n
A28\ 5 82\ 5a7 ) )

8(1+ L)? low (21 24(14 L)n
min(«., BL)? %8\ 5 o8 dmin(al, BL)? ’

64 max(1, L) o Z_nlo 192 max(1, L)n
y2 g 5 gZ 6Y2

6.1 Technical Lemmas

Lemma 6.31. Ifa >1,b > e, and t > max(alog(2blog(ab)), e), then M <
1

Proof. Step 1: Plug in t = alog(2blog(ab)) to the expression M.

alog(blog(alog(2blog(ab))) log(blog(alog(2blog(ab)))
alog(2blog(ab)) N log(2blog(ab))

Since log(-) increases monotonically, the above is less than 1 if blog(alog(2blog(ab)) <
2blog(ab).

blog(alog(2blog(ab))) < 2blog(ab)

=9 log(alog(2blog(ab))) < 2log(ab)

<= alog(2blog(ab)) < (ab)?
<= log(2blog(ab)) < ab?
< 2blog(ab) < e’

which is trueif a,b > 1.

Step 2: Next, for t > alog(2blog(ab)), we wish to show that the inequality

M < 1 still holds. To do so, it suffices to show that f(t) = M is
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decreasing for t > alog(2blog(ab)). To see this, take the derivative.

4 — a alog(blog(t)) _ E( 1

~ t2log(t) t2 log(t) log(b(log(t)))

This is negative when < log(b(log(t)). Let u = blog(t). The previous is

log(
equivalent to the condition b < ulog(u). Fort > e, u > band b > e. Hence

b < ulog(u) completing the proof. O

Lemma 6.32. For & < 2e ¢/2, A <2,

log( log, (%)) — Cs(t) = \/ 41°g(1°%2(2t)/ N

Proof.
4% 10g ( soer7 log(2t)
\/410g(log2(2t)/5) <A — A? <51g > < 1.
t t
If A < 2,then 8/A?> > 2 > 1. Similarly, if 6 < 2e ¢/ < elog , then 610g( y = €

Hence, by Lemma 6.31, setting a = % and b = #5(2)’ the above is true if

2t > max ﬁlo Llo L e
Z A? %8 \5log(2) “®\sA2log(2)) ) €)"

Trivially, § log(2) < 2. Hence, 8 < 2e~¢/? and A < 2 implies

8 2 8 2 2
— > — _— >
a8 <6log(2) o8 (5 log(z))> > 210g ( og, (Mog(m)) > 2log(2/0) > e

Therefore, we may simplify the maximum as

2 12 4. (2 8
o8 (5205 (50)) > 2 (3 (10

which implies the desired result. O
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Lemma 6.33. For any function h(-,-) : R* x R*™ — R™" that decreases monotonically in
its first arqument, we have that for any a,b,c,d € R*

min (h(a,8),h(b,5)) < h (a;b,zs)

and

min{h(a,d), max[h(b,d), h(c,d)]} < max {h (a ; b, 6) ,h (a * C, 6) } .

Proof. First, we bound the expression min (h(a, c), h(b,c)).
min (h(a/ 6)/ h(bl 6)) =h (max(a, d)/ 6) <h ((a + b)/zl 6)

Next, we bound, expressions of the form min{h(a, §), max[h(b, ), h(c,d)]} using
the above inequality.

min{h(a,d), max[h(b,d), h(c,d)]} = max{min [h(a, ), h(b,d)], min[h(a,d), h(c,d)]}
<max{h((a+b)/2,8),h((a+c)/2,06)}.
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7 FINDING NEAREST NEIGHBORS FROM A NOISY DISTANCE

ORACLE

7.1 Introduction

In Chapter 5, we presented a method to efficiently learn the nearest neighbor graph
of a set of points from noisy distance measurements. It employed triangle inequality
bounds to more efficiently find nearest neighbors and built this into an active
sampling algorithm. An advantage to only employing the triangle inequality is that
the method automatically can be used in any metric space, regardless of the form of
the metric. Furthermore, it used these bounds to achieve the optimal O(nlog(n))
rate for finding a nearest neighbor graph of n points while only assuming noisy
distance estimates— the only algorithm to do so. Nearest neighbor graphs give
O(1) access to a query point’s nearest neighbor among a set of n — 1 other points.
A downside, however is that if one wishes to identify the nearest neighbor of a
query point that is not one of the n nodes of the graph, this requires O(n) samples.
Furthermore, in the worst case, adding or removing a node in the graph requires
recomputing the entire nearest neighbor graph. Hence, though nearest neighbor
graph methods can be powerful, the can also be brittle.

In this chapter, we take an alternate approach. Instead, our goal is to find a data
structure that can efficiently answer nearest neighbor queries for any query point.
In adding flexibility to which points may be queried, we will slightly sacrifice on
the complexity of answering nearest neighbor queries. While Chapter 5 presents
a method that answered queries for a restricted set in O(1) complexity, we will
instead present a method than can answer queries in O(log(n)) time for any query
point. In particular, this is still an exponential improvement over naive search

which would require O(n) complexity. Precisely, consider the following problem:
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Problem Statement: Consider a set of n points X = {x1,---,x,} in a metric
space (M, d). The metric is unknown, but we can query a stochastic oracle for
an estimate of any pairwise distance. Build a data structure such that for any
query point ¢ unknown a priori to the algorithm, it returns its nearest neighbor
Xq = miny cx d(q,X;) with probability at least 1 — & in as few oracle queries as

possible.
The performance of algorithms for this problem is measured along several axes.

1. Query time: Given X and a new query point q, how many samples does an
algorithm require to return the nearest neighbor in X, x4?

2. Build time: All non-trivial algorithms for this problem build a data structure
to answer the queries. How many initial, burn-in samples are needed to

compute this data structure?

3. Sub-linear insertion time: If a data structure to answer nearest neighbor
queries on X has already been computed, how many samples are needed to
insert x’ such that the data structure can now answer nearest neighbor queries
to the set X U {x'}?

4. Sub-linear removal time: If a data structure to answer nearest neighbor
queries on X has already been computed, how many samples are needed to
remove x" € X such that the data structure can now answer nearest neighbor
queries to the set X\{x'}?

5. Memory footprint: How much memory is needed to store the data structure?

6. Accuracy: What is the probability that a method correctly returns x4?

Before proceeding with our discussion for answering nearest neighbor queries
with noisy data, it is helpful to set expectations for what is optimal performance in
the noiseless regime. Establishing general lower bounds for this problem is chal-
lenging as different algorithms assume different query models and different metric

spaces. In general, jointly requiring only O(log(n)) samples to answer queries and
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O(nlog(n)) build time is considered optimal. O(n) memory complexity is also
state of the art for non-trivial algorithms that build a data structure and do not
perform linear search over X to answer new queries. Optimal accuracy is 100%,
though some algorithms trade accuracy for speed. Insertion and removal time
varies for different methods, but at minimum, well performing algorithms should
be able to insert of remove points without fully recomputing the data structure.

O(log(n)) insertion and removal time is state of the art.

7.1.1 Related work

Classical methods to answer nearest neighbor queries include kd trees ( ,

) which achieve O(nlog(n)) build time, O(log(n)) query time, and are known
to be computationally efficient. The core drawback to kd trees is that they lack a
uniform accuracy guarantee. While kd trees perform well for some query points,
they do not for others, and it is not computationally feasible to known which points
are likely to succeed and which are not ( , ). Many methods
have tried to achieve similar build and query time performance while achieving
higher accuracy. Two major approaches to achieve this are to either add randomness
in the build phase to achieve a uniform accuracy guarantee or to exploit measures
of dimensionality and structure of metric spaces to give accuracy guarantees.

( ) provide several algorithms in the first category that are

similar in spirit to kd trees and achieve high accuracy.
( ) and ( ) provide algorithms in the second category
which achieve perfect accuracy for any query point. ( ) provide a
method that answers nearest neighbor queries from triplet comparisons directly
and can be seen as a combination of both approaches to achieve higher accuracy.
In general, nearest neighbor problems (from noiseless measurements) are well
studied and we direct the reader to ( ) for a general survey. Addi-
tionally, a parallel line of work has considered the approximate nearest neighbor
problem where for a query point ¢ and € > 0 one wishes to find any point in the
set{x € X :d(q,x) < (1+ €)min,cx d(q,z)}. We refer the reader to
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( ); ( ) for a survey of methods. Of particular interest
to this chapter will be the Cover Tree algorithm presented in
( ). In this chapter, we extend this method to deal with noisy queries.

7.1.2 The Curse of Dimensionality for Nearest Neighbor Search

The “curse of dimensionality” greatly impacts the performance of nearest neighbor
algorithms. In particular, there exist worst case arrangements of data where any
algorithm either needs (O(n) samples to find a query point (’s nearest neighbor or
suffers low accuracy. These examples occur for high dimensional data in particular.
As an example, consider the following construction. Let X’ be the set of the n
vertices of the simplex in R"!. Form X by applying a random e-perturbation to
each vertex independently. Let ¢ = [1/n,---,1/n]" € R™ be the geometric center
of the simplex. By design, its distance to every point in X is nearly equal. One
can show that in this setting, any algorithm requires Q(n) samples to return q’s
nearest neighbor. Intuitively, this means that any algorithm must check the distance
from ( to each vertex. To see this, consider x; € X. Suppose one wishes to bound
d(q,x;) without explicitly measuring this distanced. This is important, because if
sufficiently tight bounds exist, then an algorithm may be able to declare that x; is
not q’s nearest neighbor without querying the distance. Indeed, this was the core
idea behind the ANNTri algorithm proposed in Chapter 5 to efficiently estimate the
nearest neighbor graph of X from noisy distance measurements. Without additional
assumptions, the only method to do this is the triangle inequality which for another

x; € X guarantees
ld(q,x;) — d(xi,x;)] < d(q,x;) < d(q,%x;) + d(xi,%5).

Because all distances are nearly 1 by construction, the lower bound is near 0
and the upper bound is near 2. Hence, all bounds are vacuous. Intuitively then,
algorithms cannot cleverly use the triangle inequality to reduce the set of possible
nearest neighbors and must query the distance to each point in X.

In general, if the data is not in Euclidean space, a notion of dimension may
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be poorly defined or ill-suited to quantify the performance of nearest neighbor
algorithms. Instead, algorithms consider several measures of dimension that help
quantify their performance. As a general rule, performance improves with low

dimensional data. In this chapter, we will make use of the expansion constant as in

( , ; , ; , )-

Definition 7.1. The expansion constant of a set of points § is the smallest ¢ > 2 such that
IB(x,2r)| < c|b(x, )| for any x € 8 and any v > 0 where B(x, 1) is the ball of radius r > 0
centered at x according to the distance measure associated with the ambient metric space.

As an example, for a set of points in arranged uniformly on a surface in R? have

an expansion constant of at most 2¢ ( )-

7.2 Problem setup and summary of our approach

We denote distances as d;; where d : X x X — R is a distance function satisfying
the standard axioms and for a query point ¢ define x := arg minycx; d(x;, q). For
a query point q and x; € X, let dq; denote d(q,x;). For a set Q, let d(q, Q) =
minicq dy ;. Though the distances are unknown, we are able to draw independent

samples of its true value according to a stochastic distance oracle, i.e. querying
Q(i,j) yieldsarealizationof d;; +mn, (7.1)

where 1 is a zero-mean subGaussian random variable assumed to have scale param-
eter 0 = 1. We let am- (s) denote the empirical mean of the s queries of the distance
oracle, Q(i,j). The number of Q(i,j) queries made until time t is denoted as T; ;(t).
A possible approach to obtain the (’s nearest neighbor is to repeatedly query Q(q, i)
for each i and report arg minycx aq,i(t). To improve our query efficiency, we could
instead adaptively sample to focus queries on distances that we estimate are smaller.
However, this would still require O(n) samples to learn x4 as we would query the

distance of each of n points to (. Instead, we modify the Cover Tree algorithm of
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( ) to handle noisy inputs instead. Two core innovations that
make this possible are

e Casting the problem of learning a cover as finding all e-good arms in multi-
armed bandits and using (ST)? presented in Chapter 6 to develop a method

to learn covers.

e Using thresholding bandits, such as ( ), to compute the

approximate distance from a query point to a set.

Our proposed algorithm Bandit Cover Tree (BCT) uses the above ideas to build a
data structure to efficiently answer nearest neighbor queries from noisy distance
measurements with high probability.

7.3 Cover Trees

Before presenting our method and associated results, we review core intuition
behind the Cover Tree algorithm from ( ) in the noiseless
setting (n = 0 with probability 1). As the name suggests, a cover tree is a tree-based
data structure where each level of the tree forms a cover of X. Each level is indexed
by an integer i which decreases as one descends the tree. To avoid additional
notation, we will represent the top of the tree as level co and the bottom as —co
though in practice one would record integers iy, and ipottom denoting the top and
bottom level of the tree and need only explicitly store the tree at levels between
iop and ipottom- Each node in the tree corresponds to a point in X, but points in X
may correspond to multiple nodes in the tree. Reviewing ( ),
let C; denote the set of nodes at level i, referred to as the it" cover. The cover tree

algorithm is designed so that each level of the tree i obeys three invariants:

1. (nesting) C; C Ci_;. Hence, the points corresponding to nodes at level i are

also correspond to nodes in all lower levels.

2. (covering tree) For ever p € C;_;, there exists a q € C; such that d(p, q) < 2,

and the child node in level i — 1 is connected to its parent in level i.
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3. (Separation) For any p, q € C; withp # ¢, d(p, q) > 2"

These invariances are originally derived from ( )-

( ) show that there routines obey these invariants, and we

will make use of them in our proofs and to build intuition. The core idea of this
method is that the i'" level of the tree (with i decreasing as one descends the tree)
is a cover of resolution 2'. When navigating the tree for a query point q at level i,
one identifies all possible ancestor nodes of x at that level. When descending the
tree, this set is refined until only a single parent is possible, x itself. The nesting
invariance allows one to easily traverse the tree from parent to child. The covering
tree invariance connects x4 to its parents and ancestors so that one may traverse the
tree with query point q and end at x. Lastly, the separation invariance ensures that
there is a single parent to each node, avoiding redundant paths traversing the tree.

This aids in reducing the memory necessary to store cover trees.

7.4 The Bandit Cover Tree Algorithm

TheBandit Cover Treealgorithm iscomprised of three methods. Noisy-Find-Nearest
finds nearest neighbors given a computed cover tree. Noisy-Insert allows one to
insert points into a tree and can be used to construct a new tree. Noisy-Remove can

be used to remove points from the tree.

7.4.1 Finding Nearest Neighbors with a Cover Tree

We begin by discussing how to identify the nearest neighbor of a query point q if
the tree has already been constructed. This is to provide intuition for how cover
trees work and the impact that noise has on tree traversal. After, we will show
how to build a cover tree from a set of n points, X and how to insert and remove
points to the tree when one only has access to a noisy oracle. Throughout, we
take T to denote the cover tree. The nodes of each level i forms a cover C;, and
we may identify T by the covers at each level: T :={Cy,---,Ci,Ci_1,- -+, C_}.
Assume that we are given a fixed query point ¢, and the expansion constant of
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the set X U {q} is bounded by c. The algorithm proceeds by keeping track of a
set Qi at each level i of all possible ancestors of x4, q’s nearest neighbor. This
is summarized in Algorithm 11 and adapted from ( ). The
algorithm proceeds by exploring descending from level i to level i —1 and exploring
all children of the nodes in Q;. From this, the algorithm recomputes possible
parents of x4 to form Q;_;. The algorithm terminates when it reaches a level i,ottom-
Throughout, we will represent the children of any node p € T as children(p). For
simplicity, we assume that the nearest neighbor of q is unique. If this does not
hold, one may instead modify what the algorithm returns to return any element of
Q_. We make use of a novel subroutine to build cover sets from noisy distance
measurements, based on finding all e-good arms in stochastic bandits. This is
given in Algorithm 12. Similar to (ST)?, the routine maintains anytime confidence
widths, C;(t) such that for an empirical mean of the distance dg;: aq,i(t) of t
samples, we have P(|J, Iaq,i(t) — dgil > Cs(t)) < 8. For this work, we take

Cs(t) = \/ w for a constant cg4. It suffices to take cy = 4, though
tighter bounds are known and should be used in practice, e.g.
( ); ( ); ( ). Where clear, we will drop the

dependence on t and T;(t).

Given the set Q; C C; of x4’s ancestors in level i, to proceed to level 1 —1,
the algorithm first computes all children of nodes in Q; given by the set Q C
Ci_1. It then uses Algorithm 12 to identify the subset of Q denoted Q;_; that
contains all ancestors of x4 in level i — 1. Precisely, this is the set {i € Q : d(q,1) <
min;jeq d(q,j) +2" '} In particular, this can be represented as the set of all 2'-good
arms (in the additive sense) in the set Q with the key distinction that we want the
smallest distances not the largest. This can be achieved by multiplying each distance
estimate by —1 and finding the 2'-good arms.

Remark 7.2. This method can be altered so that a point p € X that corresponds to a node
in Cy at level i of the cover tree T is defined to always be contained in children(p), even
if a node corresponding to point p is not present in Ci_ (the next level down) explicitly.
Traversal is identical since this is baked into the definition of the children(-) function, but
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Algorithm 11 Noisy-Find-Nearest

Require: Cover tree T, failure probability 6, expansion constant c if known, query

point q, callable distance oracle Q(-, -), subroutine Identify-Cover.
1: Let Qo = Cx
2: fori=ocodowntoi=—oodo

3: Let Q = U, cq, children(p)

4: if ¢ is known: then

5: Leta =min<{ | —80) 11| n
: - log(1+1/c?) 4

6: else

7 letx=n

8: end if

9:

\\ Identify the set: {i € Q : d(q,1) < minjeq d(q,j) + 21}
10: Compute Q;_1 = Identify-Cover (Q,d/x,Q(-,-), q,1)

11: end for

12: return Q_, a singleton set containing x,.

this can save on the memory needed to store J.

7.4.1.1 Approximate Nearest Neighbors

These methods can also easily be adapted to return an e-approximate nearest
neighbor though we will not analyze this setting theoretically. An e-approximate
nearest neighbor is defined as any point in the set {i: d(q,1) < (1 + €) min; d(q,j)}.
To find approximate nearest neighbors, add an additional line that exits the for
loop if d(q, Qi) > 2""!(1 + 1/€) where the distance from x to the set Q; is defined
as min;cq, d(q,j). This requires an additional bandit routine. One could modify
FindPos which finds positive means from Chapter 6 to perform this computation.
In particular, we seek any point j € Q;, such that 2""1(1 + 1/€) — d(q,j) > 0.
Importantly however, FindPos would need to be modified so that if no such point
exists, the algorithm does not run forever. This can trivially be achieved by adding
a line after line 6 in FindPos such that if {1;, < —fx, arm iy is removed from all
future rounds and adding an additional termination condition that the algorithm
terminates if no points remain. If this occurs, the algorithm may declare that
d(q, Qi) < 2'"1(1 + 1/€). Finally, after exiting the “For’ loop, since Q; may not be
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Algorithm 12 Identify-Cover

Require: Failure probability 6, query point q, Oracle Q(-,-), and set Q, Cover
resolution i

1: Query oracle once for each point in Q

2: Initialize T; < 1, update aq,i foreachie{1,2,...,|Ql}

3: Empirical cover set: G={i: dgi < maxj dq; + 21 R

4: U, = minj dq,j(Tj) — C5/‘Q|(Tj) +2tand L = maxj dq,j(Tj) + C5/|Q|(Tj) + 2t

5: Known points: K ={i: dq:(Ti) — Cs,1q/(Ti) > Ly or dgqi(Ti) + Cs/j0/(Ty) < Uy}

6: while K # Q do

7: Call oracle Q(q,11) for i;(t) = argmin; g, (Aiq,i(Ti) + Cs,10/(Ti), update
Tilz dq,il N

8: Call oracle Q(q, i) for i,(t) = arg max; e\ g dq,i(Ti) — Cs,10/(T1), update
Tiz’ dqriz

9: Call oracle Q(q,i*) for i*(t) = arg min; aq,i(Ti) —Cs,10/(T1), update Ty, aq,i*
10: Update bounds Ly, Uy, sets G, K
11: end while
12: return The set cover set with resolution 2: {i : aq,i(Ti) — Cs/101(Th) < Uy}

singleton, the algorithm should be modified to return the closest point in Q; to
g. This can simply be achieved via any best-arm identification algorithm such as
1i'UCB ( ) applied to the negatives of the distance estimates
(since we want the smallest distance possible, not the largest).

7.4.2 Building and Altering a Cover Tree

In this section we demonstrate how to construct a cover tree, insert new points, and
remove points. We begin by discussing insertion since constructing the full tree
from n points can trivially be achieved by inserting each point one at a time to an

empty tree.

7.4.2.1 Insertion

Suppose we have access to a cover tree T on a set 8. If § = (), T is empty at all levels.

We wish to insert a point p into 7 such that we now have a cover tree on the set
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8§ U {p}. Intuitively, the insertion algorithm can be thought of as beginning at the
highest resolution cover, at level —oco and climbing back up the tree, inserting p in
each cover set C; for all i until it reaches a level i;, such that minjec, d(p,j) < 2t
where a suitable parent node exists. The algorithm then assigns any p’ € C;, such
that d(p,p’) < 2% and terminates. As trees are traditionally traversed via their
roots not their leaves, we state this algorithm recursively beginning at the i = co
level at the top.

We provide pseudocode in Algorithm 13. The algorithm is similar to Insert
from (2006) but includes additional logic to handle a noisy oracle.
In particular, lines 2-8 implement a simple thresholding bandit similar to Algorithm
1 of ( ) in the familiy-wise probability of detection — family-
wise probability of error setting. In particular, it identifies all points within 2
of the nearest in the set Q. This must be done for every candidate level i that
p might be inserted into until a suitable parent node is found at level i,. Each
time we perform this comparison, there is a probability of error. This presents a
challenge for the algorithm. Noisy-Insert is recursive and performs a thresholding
bandit at each level. Hence, if it makes an error on any recursive call, the algorithm
may fail. Thus, we must ensure that the probability of Noisy-Insert making an
error in any recursive call is at most 5. Since the level i, where p is added is
unknown and depends on the query point p, the number of recursive calls before
success is unknown to the algorithm. Therefore, it is not a priori obvious how to
perform the appropriate Bonferroni correction to ensure the probability of an error
in any recursive call is bounded by 6. A seemingly attractive approach is to use
a summable sequence of 5; depending on the level i such that }_,. . i = 6. For
instance, §; = 2~ would be suitable if the root of T is at level 1. However, this
would lead to higher sample complexity when summing the complexity of many
individual bandit problems with decreasing error probabilities.

Instead, Noisy-Insert shares samples between rounds, similar to the technique
used by ANNTri to find nearest neighbor graphs. By the nesting invariance of cover
trees, we have that C; C C;_;. Therefore, when we descend the tree from level i
to i — 1, we already have samples of the distance of some points in C;_; to p. We



354

Algorithm 13 Noisy-Insert

Require: Cover tree T on n points, cover set Q;, failure probability 6, point p to be
inserted, callable distance oracle Q(-, -), level i

Require: Empirical estimates of ap,i and T; for all i € C; \\ let both be 0 if no
samples have been colllected

1: Let Q = Ujc g, children(j)

2: Query oracle once for each pointin Q N{j : T; = 0}

3: Initialize T, + 1, update d,, ; foreachj € QN {j: T; = 0}

4: \\ compute the set{j € Q : d(p,j) < 2'}

5: Known points: K = {j : dp;(T;) + Cs/n(T;) < 24 or dp(Ti) — Cs/n(T;) > 21}
6: while [K| # |Q| do

7: Call oracle Q(p, 1*) for i*(t) = arg min;gx ap,)- (Tj) — Cs/n(T5)
8: Update T;-, &p,i*

9: Update set K
10: end while
11: \\ If d(p, Q) > 2}

—_
N

:if(j € Q:dp;(T;) + Cs/n(T;) <21} =0 then
Return:“no parent found”
. else A
Define Qi—l = {] S Q : dp,j(Tj) + C5/n(Tj) < 21}
if Qi N Qi,1 7é 0 and Noisy-Insert(p,‘T, Qifl,i —1, S,Q(,),{) € Q :
ap,j (T;)}, 4§ € Q: Tj}) = “no parent found” then

S e Y
S oW

17: Choose any p’ € Qi N Qi1

18: Insert p in children(p’) \\ modify the tree and insert p bc parent found
19: Return:“parent found”

20: else

21: Return:“no parent found”

22: end if

23: end if

simply reuse these samples and share them from round to round. Furthermore,
since T is assumed to be a cover tree on n points, we trivially union bound each
confidence width to hold with probability 1 — &/n such that all bounds for all
recursive calls holds with probability at least 1 — 8. Note that it is possible to use the
depth bound from Lemma 4.3 of ( ) to instead union bound by
1—0(8/c*log(n)) if c were known. This trick was used for Noisy-Find-Nearest.



355

However, as Noisy-Insert is used for construction of the tree and adding new
points to the dataset, it is unlikely that c is known to the experimenter before any
data has been collected. Hence, we use the simple union bound of 1 — 6 /n which is

always true independent of c.

7.4.2.2 Removal

Next we show how to remove a point p from level i of a cover tree T. The process
of removal is similar to insertion but slightly more complicated as we must find
new parents for all of p’s children in T. We provide pseudocode in Algorithm 14
which is adapted from ( ) to handle noisy estimates.

Note that when we compute the distance to the set Q;- in lines 13 and 20, due to
the nesting invariance of cover trees and the fact that samples are reused between
rounds, T; > 0 for all i € Q;. Hence, it is unnecessary to collect any initial samples.
Note that Noisy-Remove not only queries distances to the point p to be removed
but also to p’s children in order to find them new parents. Because of this, we
index samples as T;; denoting the number of calls to the distance oracle Q(i,j).
Furthermore, we union bound with §/n? instead of §/n where the additional factor
of n derives from a trivial bound that p has at most n — 1 children nodes. If the
expansion rate is known, it is possible to union bound as §/c*n since Lemma 4.1
of ( ) bounds the number of children as c* for any node p.
However, as the other factor of n remains unchanged by this, the improvement
from log(n?/6) tolog(c*n/8) only impacts constant factors in the sample complexity.
Hence, we ignore this. It is technically possible to use a depth bound on T from
Lemma 4.3 of ( ) to achieve a dependence of log(c®log(n)/8).
In particular, this reduces the n dependence due to the union bound to be only
doubly logarithmic. As the expansion constant is traditionally not known, we avoid
the added complexity.
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Algorithm 14 Noisy-Remove

Require: Cover tree T on n points, past cover sets {Q;, - - - , Qoo ), failure probability
d, point p to be removed, callable distance oracle Q(-, -), level i
Require: Empirical estimates of ap,i and T; for all i € C; \\ let both be 0 if no
samples have been collected
1: Let Q = U, cq, children(p)
2: 1\ Remove from lower levels first
3 T,{i,j :Adi,j(Tj)},{i,j : Tij} ¢ Noisy-Remove(T,{Qi_1, -+, Qult, 0, P, Ql:, ), 1 —
LAL,j: di;(Ti;)h {47 : TizH)

4: if p € Q then

5: Remove p from C;_; and children(parent(p))

6: for q € children(p) do

7 V+—i—-1

8: \\ compute the set {j € Qi : d(q,j) < 2V}

9: Query oracle once for each pointin Q N{j : Tq; = 0}
10: Initialize T, ; < 1, update aq,,. foreachj € QN{j: Tq; =0}

11: Known points: K = {j : aq,j (Tq,;) + Co/ma(Tq;) < 2 or aq,]- (Tq;) —

Cs/m2(Tq;) >2Y)

12: while [K| # |Q/| do

13: Call oracle Q(q,i*) for i*(t) = arg min;gx (Aiq,j (Tq,;) — Cs/m2(Tq,5)
14: Update T i+, aq,i*

15: Update set K

16: end while

17: while {j € Qi : dqi(Tq;) + Cs/n2(Tq;) <2V} =0 do

18: Add q to the sets C;/ and Q;/. Increment i’.

19: \\ for the incremented i/, recompute the set {j € Qi : d(q,j) < 2V}
20: Known points: K = {j : dqj(Tq;) + Cs/m2(Tq;) < 2V or de;(Te;) —

Cs/m2(Tq ) >2Y)

21: while |K| # |Qi/| do
22: Call oracle Q(q, i*) for i*(t) = arg min;gx aq,]- (T;) — Cs/m2(T5)
23: Update Ty i, aq,ﬁ
24: Update set K
25: end while
26: end while
27: Choose any q’ € {j € Qi : dqj(T;) + Cs/n(T;) < 2V}
28: make q’ = parent(q)
29: end for

30: end if
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7.5 Theoretical Guarantees of Bandit Cover Tree

We wish to provide guarantees for the performance measures described in the
introduction: query time, build time, insertion time, removal time, memory foot-
print, and accuracy. In this section, we show that BCT’s achieve state of the art
performance on these metrics despite only having access to noisy data. All proofs
are deferred to Section 7.7. As BCT is adapted from cover trees directly, it inherits
many properties and theoretical guarantees proven in ( )-
The core challenge becomes proving correctness for the additions we have made to
make the algorithm robust to noise and accounting for the number of extra calls
to the distance oracle by the algorithm. The algorithms were stated for clarity as
having a root at level co and descending to level co. All analysis will be conducted
with respect to a tree with root at i, and iporom however, as a real tree cannot be

infinitely tall.

7.5.1 Memory

We begin by showing that a cover tree can efficiently be stored. Naively, a cover
tree T on X can be stored using O(n(iwp — ibottom)) memory where n = |X| and
itop — lbottom 1S the height of the tree. This follows from each level having at most
n nodes trivially and there being i;,p — ibottom levels. For a well balanced tree, we
expect that i;op — bottom = O(log(n)) leading to an overall memory complexity of
O(nlog(n)). In fact, it is possible to do better.

Lemma 7.3. A bandit cover tree requires O(n) space to be stored.

O(n) memory is possible due to the nesting and covering tree invariants. By
the nesting invariant, if a point p is present in the it" cover C i, then it is present
in the cover sets of all lower levels. By the covering tree invariant, each point has
a unique parent in the tree. Therefore, to store a cover tree, one need only store
1) which level of the tree each point first appears in 2) each point’s parent node
in the level above where it appears. After a node first appears in the tree, it may
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be represented implicitly in all lower levels by defining p € children(p) for the
children(-) function.

7.5.2 Accuracy

Next, we show that BCT is accurate with high probability. This requires three

guarantees:

1. Search accuracy: Given a correctly constructed cover tree 7 on set X and
query point g, we must show that Noisy-Find-Nearest correctly identifies
q’s nearest neighbor with high probability.

2. Insertion accuracy: Given a correctly constructed cover tree 7 and a point p
to be inserted, we must show that Noisy-Insert returns a valid cover tree
that includes p neighbor with high probability. This will ensure accuracy
in constructing a cover tree from scratch since Noisy-Insert can be called

repeatedly to build a cover tree on a set X.

3. Removal accuracy: Given a correctly constructed cover tree T and a point p to
be removed, we must show that Noisy-Remove returns a valid cover tree that

without p neighbor with high probability.

7.5.2.1 Search Accuracy

We begin by showing search accuracy. Noisy-Find-Nearest is an extension of the
Find-Nearest algorithm from (2006). It follows the same logic as
Find-Nearest but with an additional routine- Identify-Cover— to compute cover
sets with from noisy data. By Theorem 2 of ( ), Find-Nearest
succeeds with probability 1. If Identify-Cover correctly returns the cover set
each time that it is called in Noisy-Find-Nearest, then Noisy-Find-Nearest will
correctly return x. Hence, the following guarantee is derived by showing that the
probability of that Identify-Cover makes an error is small.
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Lemma 7.4. Fix any 6 < 1/2 and a query point q. Let T be a cover tree on a set X.
Noisy-Find-Nearest returns xq € X with probability at least 1 — 6.

7.5.2.2 Insertion Accuracy

Next, we verify insertion accuracy with high probability. Similarly, Noisy-Insert
is based on the Insert method of ( ) and inherits theoretical
some of its properties. To handle noisy data, it makes use of a simple thresholding
bandit to compute the set {i € Q : d(p,1i) < 2'}, the subset of the set of children
Q that are within 2' of the point p to be inserted. From this set, it can check if
d(p, Q) > 2" and can compute a new cover set Q; ;. The following lemma ensures

that Noisy-Insert succeeds with high probability.

Lemma 7.5. Fix any & > 0. Let T be a cover tree on a set X and p be a point to insert.
Noisy-Insert correctly returns a cover tree on X U {p} with probability at least 1 — 5.

7.5.2.3 Removal Accuracy

Finally, we verify removal accuracy with high probability. Noisy-Remove is based
on the Remove method of ( ) and inherits theoretical some of
its properties as well. Throughout, assume that we have access to a completed tree
7 on the set X and we wish to remove a point p € X from 7 to produce a new 7T’
on X\{p}. To handle noisy data, it makes use of a simple thresholding bandit to
compute the set {j € Q : d(p,j) < 2'} similar to Noisy-Insert except for multiple
values of i and for children of p as well. From this set, it can check if d(p, Q) > 2
and can compute and reassign parents to p’s children nodes. The following lemma

ensures that Noisy-Remove succeeds with high probability.

Lemma 7.6. Fixany & > 0. Let T be a cover tree on a set X and p € X be a point to remove.

Notisy-Remove correctly returns a cover tree on X\{p} with probability at least 1 — .
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7.5.3 Query Time Complexity

In the previous section, we proved that the algorithm succeeds with probability
1 — 6 for all routines: search, insertion, and removal. In this section we begin to
answer the question of how many calls to the distance oracle it requires to perform
these operations. We begin by analyzing the query time complexity of Bandit
Cover Tree: the number of calls to the distance oracle made when answering a
nearest neighbor query. To do so, we will make use of the expansion constant, a
data-dependent measure of dimensionality. In particular, for a query point . We
assume that the set XU{q} has an expansion constant of c as defined in Definition 7.1.
Note that this quantity is for analysis purposes only and is not required by the
algorithm. Noisy-Find-Nearest can take in the expansion constant or a bound on
it if it is known, but this is not required by the algorithm, and the algorithm can
run without it.

To bound query time, we appeal to the concept of explicit and implicit nodes as
discussed in 7.5.1. Each point in X may correspond to multiple nodes in the tree.
The first time a point appears as a node at the highest level where it is present, we
say that it is explicitly represented. Therefore, the algorithm saves in memory that the
new point has entered the tree. Using the nesting invariant of cover trees, if a node’s
direct parent is corresponds to the same point in X as does the node itself, we say
that the node is implicitly represented. In particular, the cover tree need not store
this node in subsequent levels and merely records its presence when traversing
the tree. Recall that the set of nodes at each level 1 of the cover tree is denoted Cj;.
Noisy-Find-Nearest proceeds by computing a cover set Q; C C; at each level of
the tree. Extending the concept of explicit and implicit representations of nodes,
we say that a cover set Q; is implicitly represented if it only contains nodes that are
implicitly represented. This plays an important role in our computation of query
time. We may use the size of the last explicitly represented cover in combination
with a bound on the height of the tree to control the overall complexity.

Theorem 7.7. Fix & < 1/2, a cover tree T on set X, and a query point (. Let [X| = n
and assume that the expansion rate of X U {q} is ¢ (unknown to the algorithm). If
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Noisy-Find-Nearest succeeds, which occurs with probability 13, then Noisy-Find-Nearest

returns q’s nearest neighbor in at most

@) <c7 log(n) log (%) E)

the total number of calls to the noisy distance oracle where parameter X is defined in the
proof and depends on X and q.

Remark 7.8. The term K captures the average effect of noise on this problem. It is similar
to the term A=2 in Theorems 5.6 and 5.7. As the noise variance goes to 0, this term becomes
1, and Noisy-Find-Nearest converges to the behavior of Find-Nearest in

(2006).

Corollary 7.9. Under the same conditions as Theorem 7.7, if c is known to the algorithm,
the number of queries to the distance oracle is at most

0] (07 log(n) log (%) E)

7.5.4 Insertion Time and Build Time Complexity

Next we bound the number of calls to the distance oracle necessary to insert a new
point p into a cover tree J. We analyze the case that p must be inserted within the
tree. If p instead is a new root of the tree, the same bound applies, though it is

possible to prove a tighter bound for this special case.

Theorem 7.10. Fix & > 0, a cover tree T on set X, and a point to insert p. Let |X| = n and
assume that the expansion rate of X U{p} is c. Run Noisy-Insert with failure probability
1— & and pass it the root level cover set: Ci,, and level i = iy,. If Noisy-Insert succeeds,
which occurs with probability 1 — §, then it returns a cover tree on X U {p} in at most

0 (07 log(n) log (%) K_p)

calls to the noisy distance oracle where parameter K, is defined in the proof and depends on
X and p.
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Remark 7.11. As in the statement of Theorem 7.7, the term K, captures the average
effect of noise on this problem, and as the noise variance goes to 0, this term becomes 1.
Noisy-Insert converges to the behavior of Insert in ( ).

As discussed in Section 7.4.2.1, to construct a cover tree from scratch, one need
only call Noisy-Insert on each point in X and add them the tree one at a time. The

following theorem bounds the complexity of this process.

Theorem 7.12. Fix & > 0 and set n points X. Assume that the expansion rate of X is
c. Calling Noisy-Insert with failure probability 5/n on each point in X one at a time,

returns a cover tree T on X correctly with probability at least 1 — & in at most

) (c7n log(n)log (%2) E)

calls to the noisy distance oracle where K := L+ Y .. K; for K; defined in the proof of
Theorem 7.10.

Remark 7.13. Note that the value of K depends on the order in which points are inserted into
the tree T. It is possible that some insertion orders are more efficient than others. However,
knowing the optimal order to insert points would require knowledge of the exact distances
themselves, which is not available in this problem. Absent this knowledge, we assume that

points are inserted in lexicographic order, with x first and x,, last.

7.5.5 Removal Time Complexity

Next we bound the number of calls to the distance oracle necessary to insert a new
point p into a cover tree J. We analyze the case that p must be inserted within the
tree. If p instead is a new root of the tree, the same bound applies, though it is

possible to prove a tighter bound for this special case.

Theorem 7.14. Fix & > 0, a cover tree T on set X, and a point p € X to remove. Let

|X| = n and assume that the expansion rate of X is c. Run Noisy-Remove with failure
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probability 1— 8 and pass it the root level cover set: Cs,,,. If Noisy-Remove succeeds, which
occurs with probability 1 — §, then it returns a cover tree on X\{p} in at most

O | c"log*(m)1 )
g (n)log 5 )&

calls to the noisy distance oracle where parameter K, is defined in the proof and depends on
X and p.

Remark 7.15. As in the statement of Theorem 7.7, the term K, captures the average
effect of noise on this problem, and as the noise variance goes to 0, this term becomes 1.

Noisy-Remove converges to the behavior of Remove in ( ).

Remark 7.16. The proof of the Remove algorithm in ( ) follows a
somewhat different logic owing to the separation invariance combined with exact knowledge
of distance. It is not immediately clear if the same trick which leads to a tighter result can
work in this case because distances cannot be computed exactly. We employ a somewhat
more approach result to control the complexity for this bound.

7.6 Conclusion

In this chapter, we introduced the Bandit Cover Tree framework. BCT builds on
top of the Cover Tree algorithm by ( ). In particular, we
extend three methods in that work, Find-Nearest, Insert, and Remove to handle a
noisy oracle instead of the noiseless oracle assumed by the authors. Furthermore, as
the noise level decreases, the performance of Noisy-Find-Nearest, Noisy-Insert,
and Noisy-Remove converges to their noiseless counterparts. We bound the ac-
curacy, memory footprint, build complexity, insertion and removal complexities,
and query complexities for BCT. In particular, we show a query complexity that is
O(log(n)), insertion complexity is O(logz(n) ), removal complexities is O (log3(n))
and a construction complexity of O(nlog?(n)). The query complexity matches the
state of the art n dependence for the (noiseless) nearest neighbor search problem
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with additional terms accounting for the noise in this problem. The insertion, con-
struction, and removal complexities are also near state of the art. Lastly a memory
footprint of O(n) and accuracy of 1 — ¢ are both optimal in this problem. In par-
ticular, a tree with n leaves requires O(n) memory to store and taking 5 — 0, we
match the optimal accuracy of 100%.
Note that the theoretical results in this work are subtly different than those of
( ) beyond the obvious difference between the noisy and
noiseless settings. ( ) bound computational complexity and
assume that calls to the distance oracle require O(1) computation. In our case, we
directly bound the number of calls to the distance oracle with less regard for the
computational overhead incurred. Some operations such as set intersections or
passing vectors of empirical estimates of distances to recursive calls could lead to
additional computational overhead than is present in the noiseless setting. It is an
open question for future work how to bound the computational complexity in the
noisy regime and if better methods exist.

Furthermore, the results depend heavily on the expansion rate, c. For Euclidean
data, ¢ may be as large as 2¢ for uniformly spread out points in R¢. Hence, for mod-
erate values of n and larger values of d, dependences such as c!! in Theorem 7.14
may dominate the complexity instead of the n dependence as is traditionally as-
sumed. Some works such as ( ); ( ) trade
accuracy for improved dependence on c or other measures of dimension for metric
spaces. Instead, these algorithms guarantee that the correct nearest neighbor for
any query point is return with probability at least 1 -6, . independent of the chosen
query point. § is tunable but depends on c, n, and often other parameters. Though
it can be tuned up or down, . ,, usually depends on parameters unknown to the
practitioner and cannot be known precisely. These methods often achieve good
empirical performance, however. In may be interesting to modify an algorithm in
this regime to the noisy data setting. One especially promising approach in this
vein is to modify the Spill Tree algorithm from ( ). A
generic method to do Tor-k identification in multi-armed bandits such as LUCB
from ( ) could be used as a subroutine to handle all calls
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to the distance oracle.

Lastly, we note that Bandit Cover Tree can be used to solve the nearest neigh-
bor graph problem presented in Chapter 5. In particular, given a set of points X,
first build a cover tree 7 on X. This can be done in O(nlog(n)) calls to the distance
oracle. Next, modify Noisy-Find-Nearest to find 2-nearest neighbors as discussed
in ( ). For each p € X, p will be its own nearest neighbor in
7 since p is contained in the graph, but p* = arg min;cx\(p} dy, ; will be its second
nearest neighbor. From this, we may connect p to p* in the nearest neighbor graph.
This process can be repeated for each p € X. Each 2-nearest neighbor query will
require O(log(n)) calls to the distance oracle. Summing this over the n points in X
with the O(nlog(n)) build complexity gives an overall complexity of O(nlog(n)) to
learn a nearest neighbor graph. This matches the optimal rate given in Theorem 5.7
bounding the complexity of ANNTri but under far more general conditions on the set
X.

7.7 Proofs

7.71 Memory and accuracy proofs

First, we prove Lemma 7.3 which bounds the memory necessary to build, store, or

search a Bandit Cover Tree

Proof of Lemma 7.3. By Theorem 1 of ( ), ordinary cover trees
can be stored in O(n) space. Hence, we must only show that any addition to
any algorithm has not added more than O(n) additional memory needed. In
Identify-Cover, we trivially have that|Q| < n. InNoisy-Insert and Noisy-Remove,
empirical estimates of distances and associated confidence widths are shared by
all recursive calls to the algorithm. There are at most n distance estimates and n
confidence widths, contributing 2n to the space requirement. By passing these
values by reference rather than value for different recursive calls of each algorithm,
the same 2n numbers may be shared for all recursive calls. The only other stored

values, the indices for i, and ipotom contribute O(1) space. Thus the total memory
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overhead for handling noisy estimates is O(n) and the total memory requirement
is O(n) as well. H

Next we prove several Lemmas that guarantee that the Noisy-Find-Nearest,
Noisy-Insert, and Noisy-Remove methods all succeed with high probability. We

begin with search accuracy.

Proof of Lemma 7.4. By Theorem 2 of ( ), Find-Nearest suc-
ceeds with probability 1. Noisy-Find-Nearest is adapted directly from Find-Nearest
except that it uses Identify-Cover to identify individual cover sets at it descends
the tree. Hence, we wish to show that the probability of Identify-Cover making an
error in any call is at most §. Identify-Cover is equivalent to (ST)? from Chapter 6
except that it finds the smallest distances not the largest arms. It is equal to (ST)?
given the negative of all rewards. Thus, by Theorem 6.5, Identify-Cover given a
failure probability of 8/« succeeds with probability 1 — §/«.
By definition, o« = min { Logl(‘ﬁr% + 1-‘ ,n}. By Lemma 4.3 of

( )s ttop — tbottom < . Hence, Identify-Cover is called at most « times

(once per level during traversal). A union bound implies that the probability of an

error in any call is at most 5, completing the proof. O
Next, we show that Noisy-Insert succeeds with high probability.

Proof of Lemma 7.5. To show correctness, we begin by verifying that the thresholding
bandit routine in lines 2 — 9 does not fail in any recursive call of Noisy-Insert.

Define the event

[e¢]

& = ﬂ ﬂ {|ap,k(t) —dp il < Cé/n(t)}

ken] t=1

By definition of Cs(t), we have that P(€¢) < & where we have used the assumption
that |[X| = n so there are only n different points explicitly represented in J. For
the remainder of the proof, we assume that & occurs and show that it leads to

correctness in the thresholding bandit routine.
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Let 1 > 0 denote any threshold. On &, we have that

fk:idpx < utD {k:dpx+ Csm(Ti(t)) < p}

for any set of values {k : Ti(t)} at any time t. Similarly, we have that

{k:dpx >p}D {k: dp i — Cs/m(Ti(t)) > n}.

Therefore, if the algorithm stops sampling when either

A

dp,k + Cé/n(Tk(t)) <H

or

A

dpx — Cs/n(Ti(t)) > 1

for every point k and any value of p, then on event £, we have identified the sets
{k:dpx <pjand{k:dpx > pu}correctly. In particular, the above superset relation
holds with equality.

Applying this to p = 2" for different values of i in the algorithm we see that at
all times the thresholding bandit implemented in lines 2 — 9 succeeds. Since these
bounds are shared between recursive calls of the algorithm, the routine succeeds
in every recursive call.

We conclude by showing that if these sets have been computed correctly, which
occurs when € occurs, then the algorithm correctly computes all quantities needed
for the Insert algorithm in ( )-

First, note that after the thresholding bandit terminates

ie€Q:dpi(T) +Cs/m(T) <29 =0 = d(p,Q) >2%

Next, note that when the thresholding bandit routine terminates at line 8, we
have that

{k S Q : ap,k + C(s/n(Tk(t)) < 21} = {k < Q : dp,k < 21} = Qi—l
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where the last equality holds by definition in the Insert algorithm.

Finally, by the nesting invariance of cover trees and the definition of children in
a tree, we have that Q; C Q. Hence Qi N Qi_1 # 0 is equivalent to the condition
that d(p, Qi) < 2'. Therefore, applying Theorem 3 of ( )
completes the proof. O

Finally, we show that Noisy-Remove succeeds with high probability.

Proof of Lemma 7.6. Similar to the proof for Noisy-Insert, we begin by showing
correctness of the thresholding bandit in lines 9 — 16. Again, we must verify that it
does not fail in any recursive call of Noisy-Remove. Define the event

o0

&= [ (N {Idxt) = dixl < Cspma(t)}
1

jken] t=

By definition of C;(t), we have that P(£¢) < 0 where we have used the assumption
that |[X| = n so there are only n different points explicitly represented in T and
there are at most () pairs of distances. Note that especially for higher levels i of
the tree it is possible that |Q;| < n. Hence a weaker union bound is possible. As
|Qil| is unknown a priori, we take the naive bound that |Q;| < n for any round 1,
though it is possible to instead alter the union bound in different recursive calls to
Noisy-Remove.

For the remainder of the proof, we assume that € occurs and show that it leads
to correctness in the thresholding bandit routine. Let u > 0 denote any threshold.
On &, we have that for any point q (in particular any child of node p)

{k:dgx <utD{k: Ak (Tqx(t) + Cs/m2(Tax(t) < uh

for any set of values {k : Tq i (t)} at any time t. Similarly, we have that

{k:dpx>n}D {k: dax(Tqx(t)) — Cs/mz(Tax(t)) > p}.
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Therefore, if the algorithm stops sampling when either

A

A (Tax(t)) + Cs/ma(Tqx(t)) < n

or
dax(Tax(t) — Cs/m2(Tqi(t)) > 1

for every point k and any value of p, then on event £, we have identified the sets
{k:dpx <ppand{k:dpx > pu}correctly. In particular, the above superset relation
holds with equality.

Applying this to u = 2V for different values of i’ in the algorithm we see that at
all times, the thresholding bandit implemented in lines 9 — 16 succeeds. Since these
bounds are shared between recursive calls of the algorithm, the routine succeeds
in every recursive call.

We conclude by showing that if these sets have been computed correctly, which
occurs when € occurs, then the algorithm correctly computes all quantities needed
for the Insert algorithm in ( )-

First, note that when the thresholding bandit routine terminates

1€ Q:dgi(T) + Coma(Tgi) <2'1=0 = d(q,Q) >2".

Second, note that if the set

sl

{ieQi: aq,i(Tq,i) + Csm2(Ti) <2V}

is nonempty, then for any q’ contained in it, we have that dq, 4/ < 2V Therefore, on
€, Noisy-Remove computes the same quantities as Remove. Applying Theorem 4 of

( ) completes the proof. O

7.7.2 Query Time Complexity

Now we turn our attention to the number of calls to the distance oracle needed by

Bandit Cover Tree. We begin by proving a bound on the number of oracle calls
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made by Noisy-Find-Nearest.

Proof of Theorem 7.7. Assume that Noisy-Find-Nearest succeeds, which occurs with
probability 1 — 3. Let iy, and ipoom represent the top and bottom of 7. We begin by

bounding the number of oracle calls drawn in an arbitrary round. Calls to the oracle

only occur within the Identify-Cover routine. Suppose Identify-Cover is called

on set Q and run with failure probability §/n since §/x > §/n deterministically.
Since Identify-Cover is equivalent to (ST)?, Algorithm 5, with parameters y = 0

and e = 2!, Theorem 6.5 implies that the number of calls to the distance oracle

made by Identify-Cover is bounded by

n 1 1
log (= . , 7.2
1108 (5) ]_GZQmaX { (damin + 201 — dg ;)2 (dg; + ki — dmm)Z} 7.2)

where c¢; includes constants and doubly logarithmic terms, dmin = minjcq dg,;, and
Ki = min |dmin + 2" — dg 4]- ki combines the «. and . terms in Theorem 6.5.
Define k; ° to be the arithmetic means of the summands in Equation 7.2. Recall
that for the cover set Q; at level i, Q is defined as Q = [, children(p) in the
Noisy-Find-Nearest algorithm. Hence, we may compactly write Equation 7.2 as

e ()

Applying this, we may sum over all levels of the tree T and bound the total

avg
K; -

U children(p)
PEQi

number of oracle calls as

pottom

c1log (%) Z

i=ip

avg
Ky

U children(p)
PEQ+

where we have written the outer sum index in order of descending i since iyyp > ibottom-

This is done to reflect to the process of descending tree T and counting the number

of oracle calls taken at each level. We proceed by bounding ‘UpeQi children(p)| .
By the nesting invariance, p € children(p) for any node p. Let Q* be the final
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explicit Q. Thatis Q* = Q- where i* is the lowest level such that an explicit node
exists in the cover set Q;-. For all levels i such that i > i* (levels above i*), explicit
nodes have yet to be added. Hence

U children(p)
PeQi

< U children(p)|.
PEQ;x*

For all levels below i*, by definition, no new nodes are added as all remaining
nodes are implicit. Therefore, for i < i* (lower levels of the tree),

<

U children(p)

PEQi

U children(p)

PEQix

In particular, Q;» maximizes |UP€Q1 children(p) ’ Following the proof of Theorem
5in ( ), we have that ‘Up cQu Chﬂdren(p)‘ <.
Next, for clarity, define
1 Lpottom

avg

K:= i 7

top — 1
top bottom i=itp

the average of the k' ® terms that appears in each level. Plugging in both above

pieces, we have that

ibottom
c1log <%> Z U children(p)| k{'® < ¢;c’ log (%) (Ltop — bottom ) K
i:itop pEQi
By Lemma 4.3 of ( ), we have that i,p—tbottom = O (c?log(n)).

Plugging this in we have that the total number of oracle calls is bounded by

@) <c7 log(n) log (%) E)

completing the proof. O
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Proof of Corollary 7.9. The proof follows identically, except that we may plug in

B log(n) B
X = [W + 1-‘ =0(c? log(n)).

Hence the term from the union bound becomes O <log (Cz 1o§(n)>> instead of

log (3)- =

7.7.3 Insertion Time Complexity

Next, we bound the number of oracle calls made by Noisy-Insert.

Proof of Theorem 7.10. We begin by analyzing the complexity of the thresholding
bandit subroutine in lines 2 — 9 of Noisy-Insert. Assume the same event £ from
the proof of Lemma 7.5 that holds with probability 1 — 8. We proceed by bounding
the number of rounds any point j in the set Q may be i*(t) before it must enter the
set K. Summing up the complexity for all points in Q bounds the complexity of
this routine.

Suppose we wish to insert p into level i. Assume for point j € C; that d,, ; < 2%

Assume that ,

e oy n
(d,; —22 8\ 5 8\ 5(d,,; — 22

for a sufficiently large constant c¢’. Then

T

J £ (a) : ,
dp;(T5) + Csm(Ty) < dpj +2Cs/n(T) < dpy +2"—dp; =2,

implying that j must be in the set K. Inequality (a) follows from Lemma 6.32 and
bounds on ¢’ are given by the same Lemma. This argument may be repeated for
j € Cy such that d,,; > 2 by instead considering the lower confidence bound on

A

dp i (T5).
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Summing over all j in the set Q, no more than

c’/ n n n\ av
jEZQ —(dp,j Y log (E log <—5(dp,j — 21)2)> < ¢1/Qllog <§> k'8
calls to the oracle are made between lines 2 and 8 for a problem independent
constant c;. Similar to the proof of Theorem 7.7, we define Kivg to be average of the
summands including doubly logarithmic terms for brevity and clarity.
By definition, in level i Q = U]. cQ children(j). In the worst case, p is added at
the leaf level, ipottom- Noisy-Insert descends down the tree via recursive calls. This
happens at most iip — tpottom times. Summing over all levels, the total number of

calls to the oracle is bounded by

pottom

ci log (%) Z

i:itop

an
Ky

U children(j)
j€Qi

where the sum is indexed from the largest i to the smallest to reflect descending
the tree. As in the proof of Theorem 7.7, there exists a level i* which maximizes
|U;c o, children(j)| and we have that ’U) cou children(j)‘ < . Define

bottom
_ 1 avg
Kp == . - i
ltop — Wbottom i1,
— ‘top

Plugging this in,
bottom
n . av n . —
c1log <g> Z U children(j)| k" < ¢1c”log <g> (ttop — thottom ) Kp
i:itop jeQq
<0 ((:7 log(n)log <%> @) .
where the inequality follows from Lemma 4.3 in ( )-
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Proof of Theorem 7.12. Begin with an empty tree. Noisy-Insert can trivially place
X1 as a root and replace the root as necessary. We run Noisy-Insert with failure
probability §/n. Since placing the first node at the root is trivial, make the inductive
hypothesis that we have a correct tree T built on a strict subset § C X and wish
to insert a point p € X\§ to T using Noisy-Insert. By Lemma 7.5, this process
succeeds with probability 1 — §/n. By Theorem 7.10, this requires no more than

0 (07 log(n)log (%) K_p)

calls to the noisy distance oracle.

A union bound over inserting the n points in X implies correctness. Summing
the above expression for every point p € X bounds the total sample complexity
necessary for construction, stated in the Theorem. In particular, « is the arithmetic

mean of the individual ks. O

7.74 Removal Time Complexity
Finally, we bound the number of oracle calls needed by Noisy-Remove

Proof of Theorem 7.14. We begin by analyzing the complexity of the Thresholding
bandit subroutine in lines 9 — 16 of Noisy-Remove. Assume the same event
from the proof of Lemma 7.6 that holds with probability 1 — 8. Fix an arbitrary
q € children(p). We proceed by bounding the number of rounds any point j in the
set Qi» may be i*(t) before it must enter the set K. Summing up the complexity for
all points in Q bounds the complexity of this routine.

Assume for point j € Cis that dy; < 2''. Assume that

C/

n? n’
N — e (A nil2
Tq,] =z (dq,j _211)2 log ( 5 IOg (é(dq,j _21/)2))

for a sufficiently large constant c¢’. Then

!

d > (a) y ,
dq;i(Ta;) 4+ Csm2(Tq;) < dgj +2Cs/m2(Tq) < dqj +2° —dpy =2°,
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implying that j must be in the set K. Inequality (a) follows from Lemma 6.32 and
bounds on ¢’ are given by the same Lemma. This argument may be repeated for
j € Ci such that dq; > 2V by instead considering the lower confidence bound on
dgj(Tq,)-

Summing over all j in the set Q;/, no more than

/

¢ n? n2>
—10 10 — < c o 10 ot av%/
jGZQ/ (dq,j—zl) g( g( (dq,j_zl )2>) 1|Q | g( 3 q,

calls to the oracle are made between lines 9 and 16 for a problem independent
constant c;. Similar to the proof of Theorem 7.7, we define KZV’% to be average of the

summands including doubly logarithmic terms for brevity and clarity.
If
§ € Qu 1 da;(Tas) + Co/ma(Tqy) <27} =9,
i’ is reset to i’ 4+ 1 and the algorithm proceeds to the next level up the tree. An
identical computation is performed as in lines 9 — 16 and a similar bound applies
as the above. The only difference is that since the Thresholding bandit is now

comparing to a threshold of 2+'*! (or alternatively 2V’ for the incremented value of

avg
qi

queries drawn between lines 20 and 25 is at most

c’ n? n?
E B — < , avg .
(dq,j _21/+1) log ( log ( (dq,j _21/+1)2>> X Cl|Q1 +1|10g ( 5 ) q1+1

JE€Qi/4q

i’) we incur a dependence on k7, ; instead. In particular, the number of oracle

This process repeats until the conditional in the while loop is no longer satisfied.
Naively, this happens at most i;,, — 1 + 1 times as i’ is initialized as i — 1 and
is incremented until potentially it reaches the top level of T, i,,. Summing this

quantity over all levels of the tree, we may bound the total number of oracle calls as

i-1 2
Y clQullog (F) <,

' =itop
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Asin the proof of Theorem 7.7, there exists a level i* which maximizes ‘ Uj c0: children(j) ‘
and we have that |, children(j)‘ <. AsQ; C Ujeq, children(j) by the nest-

ing invariance, c® likewise bounds Q; for all i. Define

1 i—1
M) = Y Ky E
K 1 " " K
a 1top —1+ 1 . at

1= itop

Plugging this in, we may bound the total number of oracle calls (for the distance of

any point to q) by

- n?\ v n?
Z c1lQi/|log (?) Kq,%, < c1c5(itop —i+1)log (?> Kng(i)

sy s
1 —1top

5. . n? .
< el — fosam) 08 () 3300

Next, we use Lemma 4.3 of ( ) to bound ii0p — tbottom =
O(c?log(n)). Therefore,

5. . n? ave (s 7 n? ave [
1€ (itop — bottom) 10g (F) Kg8(1) <O (c log(n)log (?) qu(l))

The above bounds the number of calls to the distance oracle needed for any child q
of p, the point to be removed. Due to the ‘For’ loop in line 6, this process is repeated
for all q € children(p). By Lemma 4.1 of ( ), the number of
children of any node p € T is at most c*. Define

o 1 ave (s
0 hidren) 2

g &children(p)

where the superscript p and the parenthetical i denote that this quantity depends
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on all children of p and level i of the tree. Then

> szg(i)zlchildren(p)I; > k(L)

_ |children(p)| _
g &children(p) qé&children(p)

1
< 4 - avg (s
S ¢ |children(p)| Z Kq"(1

q&children(p)

= c*P(1)

Therefore, summing over all q € children(p), we can bound the total number of

calls to the distance oracle drawn in lines 6 to 29 of Noisy-Remove by

O (09 log(n)log (%2) Kp(i)> .

As Noisy-Remove is recursive, it remains to sum the complexity of all recursive
calls. The above bound depends on the level i on which Noisy-Remove is called
only through the term «P(i). In the worst case, p is present in every level and the
‘It” condition in line 4 is true for every recursive call. Hence, we sum the above

expression over every level i. Define

ibottom
. 1

Kp = kP (1)

Lop — 1
top bottom i=itop

The total number of oracle calls is bounded as

bottom 2

ZO ¢’log(n)lo L kP(1) ) = O [ ¢’ (itop — 1 )1log(n)lo n* K
23 24 5 top bottom g g 5 P

i:itop
2
=0 (c11 log?(n) log (%) ﬁp)

completing the proof. O
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Especially in my early years in Wisconsin, I felt somewhat out of place in a
Ph.D. program. I will be eternally grateful for those lab mates who welcomed
me and accepted me as one of their own. They were my northern star and my
horizon line. I wrote this small poem in my third year after most of them had gradu-
ated. Irecord it here to express how much I appreciate them and the time we shared.

If I could have them all back

just for an evening together:

Drink gin gimlets at Lalit’s

or a sloppy martini

with way too much vermouth.

Daniel playing Beethoven on Rudy’s upright
and football muted on the big TV.

Coffee on the stove and bread in the oven.
Rising from the couch to fill a glass

and fill it again. Saag paneer

in the saucepan and basmati

rice on the counter by the beer.

Those were the days of excess.

Those were the days

when family was tangible.

When it wafted through the windows,
you could smell it on the exhales

mixing with the cold, winter air.

The happy drunk, the lips red

with chili oil, still buzzing

and cracked into wide smiles.

For my lab mates
Blake Mason, April 24, 2018



	Contents
	List of Tables
	List of Figures
	Abstract
	Introduction
	Organization
	Similarity Learning Methods for Intelligent Tutoring Systems
	Learning Low-Dimensional Metrics from Triplets
	Application of Metric Learning to Cognitive Science and Intelligent Tutoring Systems
	Actively Learning Nearest Neighbor graphs
	Actively Finding Every Near-Optimal Alternative


	Similarity Learning for Chemistry Education
	Introduction
	Experiment
	Visual Representations of Molecules
	Similarity Judgment Tasks
	Dataset

	Analysis
	Introduction to Similarity Learning
	Similarity Learning Approaches
	Approach 1: Similarity Learning by Ranking
	Approach 2: Ordinal Embedding


	Results
	Identifying Important Visual Features
	Approach 1: Similarity Learning by Ranking
	Approach 2: Ordinal Embedding
	Comparing the Similarity Learning Approaches

	Comparison with ``Educated Guesses''
	Number of Similarity Judgments Needed
	Differences Between the Two Approaches

	Discussion
	Limitations
	Future Directions
	Conclusions

	Learning Low-Dimensional Metrics
	Low-Dimensional Metric Learning
	Comparison with Previous Work

	The Metric Learning Problem
	Definitions and Notation
	Sample Complexity of Learning Metrics.
	Sample Complexity Bounds for Identification
	Applications to Ordinal Embedding

	Experiments

	Appendices
	Proof of Results
	Proof of Theorem 3.1
	Proof of Theorem 3.4
	Proof of Lemma 3.5
	Proof of Theorem 3.8

	Kernelized Metric Learning
	Warmup: Kernelized PCA
	Representer theorems for Kernelized PCA

	Using Kernelized PCA to Compute Kernelized Mahalanobis Distances
	Learning low-dimensional kernelized metrics using Kernelized PCA

	Geometric Bounds for Large Margin Metric Learning from Labelled Data
	Introduction
	Approaches for Dimensionality Reduction from Labelled Data
	Problem Setup
	Geometric Results for k=2 relevant dimensions
	Geometric Results for k > 2 Relevant Dimensions
	A Generative Family of Distributions for k=2
	Ensuring the first condition
	Ensuring the second condition



	Applications of Metric Learning to Cognitive Science and Education
	Introduction
	Prior Research
	Learning with Visual Representations
	Conceptual Representational Competencies
	Perceptual Representational Competencies
	Enhancing domain knowledge by supporting representational competencies

	Adaptive Educational Technologies for Representational Competencies
	Assessments of representational competencies
	Methods for cognitive model development

	Similarity Learning Methods
	Computational metric learning approach
	Efficiency of metric learning method


	Research Questions
	Experiment 1
	Method
	Participants
	Materials
	Analysis

	Results
	Prior Checks
	Similarity Judgments

	Discussion

	Experiment 2
	Methods
	Participants
	Materials
	Analysis

	Results
	Discussion

	General Discussion
	Limitations and Future Directions
	Conclusion

	Learning Nearest Neighbor Graphs from Noisy Distance Samples
	Introduction
	Related work
	Main contributions

	Problem setup and summary of our approach
	Algorithm
	Confidence bounds on the distances
	Computing the triangle bounds and active set Aj(t)

	Analysis
	A simplified algorithm
	Complexity of ANNEasy
	Adaptive gains via the triangle inequality

	Experiments
	Simulated Experiments
	Comparison to triangulation

	Human judgment experiments
	Setup
	Results


	Conclusion

	Appendices
	Additional experimental results and details
	Differences between ANNTri and ANNEasy
	Pseudocode for ANNEasy and SEEasy
	Empirical differences in performance for ANNTri and ANNEasy

	Triangulation
	Additional experimental results for Zappos dataset

	Proofs and technical lemmas
	Proof of Lemma 5.1
	Helper Lemmas
	Proof of Theorem 5.2
	Proof of Lemma 5.4
	Proof of Theorem 5.5
	Details for Section 5.4.3
	Proof of Theorem 5.6
	Proof of Lemma 5.7

	Sample complexity without using triangle inequality

	Average case performance of ANNEasy

	Finding all -Good Arms in Stochastic Bandits 
	Introduction
	Problem Statement and Notation
	Contributions and Summary of Main Results
	Connections to prior Bandit art

	Lower Bound
	An Optimism Algorithm for all-
	Theoretical guarantees

	Surprising Complexity of Finding All -Good arms
	FAREAST

	Empirical Performance
	Finding all -good arms in real world data – fast

	Broader Impacts

	Appendices
	Additional Experimental Results
	(ST)2, An optimism based algorithm for all-
	Optimism with additive 
	Step 0: Correctness
	Step 1: Complexity of estimating the threshold, 1 - 
	Step 2: Controlling ``crossing'' events
	Step 3: Controlling the complexity until stopping occurs
	Step 4: Putting it all together

	Optimism with multiplicative 
	Step 0: Correctness
	Step 1: Complexity of estimating the threshold, (1-)1
	Step 2: Controlling ``crossing'' events
	Step 3: Controlling the complexity until stopping occurs
	Step 4: Putting it all together


	Proof of instance dependent lower bounds, Theorem 6.4
	Theorem 6.7: Lower bounds in the moderate confidence regime
	Step 1: Finding an Isolated Arm
	Step 2. Deciding if an instance is isolated
	Step 3: Reducing all- to isolated instance detection

	Sample Complexity of finding positive means
	Proof of Theorem 6.22
	Step 0: Correctness
	Step 1: Bounding E[Yk]
	Bounding the total number of samples drawn by FindPos


	An optimal method for finding all additive and multiplicative -good arms
	The FAREAST Algorithm
	Key ideas of the proof
	Proof of Theorem 6.8, FAREAST in the additive regime
	Step 0: Correctness.
	Step 1: An expression for the total number of samples drawn and introducing several helper random variables
	Step 2: Bounding Ti and Ti' for i G
	Step 3: Bounding Ti for i Gc
	Step 4: bounding the total number of samples given to the good filter at time t = Tmax
	Step 5: Bounding the number of samples in round k versus k-1
	Step 6: Bounding Equation (6.10)
	Step 7: Bounding Equation (6.11)
	Step 8: Bounding the expected total number of samples drawn by FAREAST
	Step 9: Bounding the expectation remaining from step 8. 
	Step 10: Applying the result of Step 9 to the result of Step 8
	Step 11: High probability sample complexity bound

	Proof of Theorem 6.26, FAREAST in the bluemultiplicative regime
	Step 0: Correctness.
	Step 1: An expression for the total number of samples drawn and introducing several helper random variables
	Step 2: Bounding Ti and Ti' for i M
	Step 3: Bounding Ti for i Mc
	Step 4: bounding the total number of samples given to the good filter at time t = Tmax
	Step 5: Bounding the number of samples in round k versus k-1
	Step 6: Bounding Equation (6.17)
	Step 7: Bounding Equation (6.18)
	Step 8: Bounding the expected total number of samples drawn by FAREAST
	Step 9: Bounding the expectation remaining from step 8
	Step 10: Applying the result of Step 9 to the result of Step 8
	Step 11: High probability sample complexity bound

	An elimination algorithm for all 
	Proof of Theorem 6.27 EAST in the additive regime
	Step 0: Correctness
	Step 1: Controlling the total number of samples given by EAST to arms in G
	Step 2: Controlling the total number of samples given by EAST to arms in Gc
	Step 3: Bounding the total number of samples drawn by EAST

	Proof of Theorem 6.28, EAST in the bluemultiplicative regime
	Step 0: Correctness
	Step 1: Controlling the total number of samples given by EAST to arms in M
	Step 2: Controlling the total number of samples given by EAST to arms in Mc
	Step 3: Bounding the total number of samples drawn by EAST


	Comparison to top k
	An elimination algorithm for general Lipschitz functions of the best arm
	More general subsets of arms
	Proof of Theorem 6.29
	Proof of Theorem 6.30

	Technical Lemmas

	Finding Nearest Neighbors from a Noisy Distance Oracle 
	Introduction
	Related work
	The Curse of Dimensionality for Nearest Neighbor Search

	Problem setup and summary of our approach
	Cover Trees
	The Bandit Cover Tree Algorithm
	Finding Nearest Neighbors with a Cover Tree
	Approximate Nearest Neighbors

	Building and Altering a Cover Tree
	Insertion
	Removal


	Theoretical Guarantees of Bandit Cover Tree
	Memory
	Accuracy
	Search Accuracy
	Insertion Accuracy
	Removal Accuracy

	Query Time Complexity
	Insertion Time and Build Time Complexity
	Removal Time Complexity

	Conclusion
	Proofs
	Memory and accuracy proofs
	Query Time Complexity
	Insertion Time Complexity
	Removal Time Complexity


	References

