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ABSTRACT

Kernel methods have achieved a lot of success in statistics and machine learning
where linear models are often not sufficient to capture the relations and patterns
in the data. For example, in smoothing spline models, a kernel is used to define
a non-parametric class of the function so that one can fit a smoothing curve or
surface to understand the relation between the response and predictors. Similarly,
in Gaussian process, a kernel is used to define the covariance matrix so that one can
understand the nonlinear trend of the data in a Bayesian manner. In support vector
machine, a kernel is used to define a non-linear map to transform the predictors
into a high-dimensional space so that one can find a hyperplane in the new space
to distinguish data from different classes. All these methods over the past two
decades have been successful in applications for biomedical science, finance, pattern
recognition, and recommender systems.

In modern data analysis, we occasionally face a number of interesting chal-
lenges: our data may come from multiple heterogeneous sources, our data may be
spatiotemporal, have few samples but lie in high dimensions, or our data may have
a huge number of samples and require a method to understand the complex model.
These challenges require us to consider new developments in statistics and kernel
methods. In this work, we show how kernel methods can help us solve these chal-
lenges where our proposed solutions also involve other topics including domain
adaptation, regularized statistics, deep learning, and deep Gaussian processes.

In Chapter 2, we study the problem of analyzing data from multiple heteroge-
neous sources. We derive a framework with a graphical causal model and maximum
mean discrepancy to eliminate the biases between different datasets and to com-
bine multiple datasets together in a systematic way for increased sample size and
for improved statistical power. We use the framework for a problem motivated
by Alzheimer’s Disease research and show that we can successfully combine two
datasets from different research centers to derive more accurate and consistent
results.

In Chapter 3, we continue our study on the problem of the analysis of multiple
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heterogeneous datasets but with a different focus. We derive new hypothesis tests
and theoretical analysis to understand when it is beneficial to combine multiple
datasets together, both in the low dimension setting and high dimension setting.
We find that the problem is a bias-variance trade-off. When the reduction on the
variance, which may due to increased sample size, is more than the increase on the
bias from heterogeneous datasets, it is beneficial to combine different datasets even
though they come from different sources.

In Chapter 4, we study how to build a nonparametric model for spatiotemporal
data when the samples are few but the dimension is high. We apply the frame-
work on a Chicago crime dataset to understand the occurrence of crimes and it’s
transmission between various Chicago communities as time goes. The multiple
communities and nonparametric kernel class make our model lie in high dimension
but the limited crime events make our sample size small. We solve the problem
by adding regularizations for the kernel-based models and we build a solid theo-
retical foundation to understand the behavior of our models for high-dimensional
spatiotemporal data.

Finally, in Chapter 5, we propose a framework to understand the flow of the
information in deep probabilistic models, which includes Bayesian neural networks,
deep Gaussian processes, deep kernel learning, and others. On the one hand, we
show that we can understand the information flow in deep probabilistic models
using kernels and statistical structure assumptions and we show the relation be-
tween Bayesian neural networks and deep Gaussian processes through theoretical
analysis. On the other hand, our framework points out a way to extend additive
models, hierarchical models and other statistical models with structure assump-
tions to the deep structure so that we can use modern high computation power like
deep learning while maintaining the good properties of statistical models including

interpretability and uncertainty estimate.



1 INTRODUCTION

1.1 Kernel Methods

In statistics and machine learning, linear models are used to capture the relations
and patterns in the data. When the relation becomes complicated, linear models are
often not rich or expressive enough and we turn to kernel methods. In smoothing
spline models, a kernel is used to define a non-parametric class of the function.
Given samples with predictors {x;}]* ; and responses {y;}!* ;, a linear model assumes
that

y=pBx+eg,

where  are coefficients and € ~ N(0, 0?). Meanwhile, a smoothing spline model Wahba
(1990) considers that
y="~f(x)+e,

where f(x) belongs to a function class determined by a kernel X and can be repre-
sented by f(x) = > ' | aiK(x, x;), where « are coefficients. It helps us to capture
the non-linear relation between predictors and responses. Through smoothing
spline models, we can fit a smoothing curve or surface to understand the relation
between the response and predictors.

In Gaussian process Rasmussen (2003), we consider that the joint probability of
{(f(xi), ys) Ky is

n

pU(F(x), i) = (] [yl fx) D ({F(x) iy,
i=1
where p(yilf(xi)) ~ N(f(xi),0?) and p(f(x1), -+, f(xn)) ~ N(O, K({xLi} {x{-})).
The kernel is used to define the covariance matrix for the Gaussian processes so
that one can understand the nonlinear trend of the data in a Bayesian manner.
In support vector machine Cortes and Vapnik (1995), a kernel is used to define

a non-linear map to transform the predictors x into a high-dimensional space as



¢ (x), where the kernel is the inner product of the transformed features X(x,x’) =
d(x)Td(x'). Through using kernels in support vector machine, one can find a
hyperplane in the high dimensional space to distinguish data from different classes.
All these models have been successful over the past two decades in applications for
biomedical science, finance, pattern recognition, and recommender systems.

In modern data analysis, we face a number of interesting challenges: our data
may come from multiple heterogeneous sources, our data may have few samples
but lie in high dimension and is spatiotemporal, and our data may have a huge
number of samples and require a method to understand the complex model. These
challenges require us to consider new developments in statistics and kernel methods.
In this work, we show how kernel methods can help us solve these challenges where
our proposed solutions also involve other topics including domain adaptation,

regularized statistics, deep learning, and deep Gaussian processes.

1.2 Data is from Multiple Heterogeneous Sources

In Chapter 2 Zhou et al. (2016, 2018a), we study the problem of analyzing data
from multiple heterogeneous sources. Many studies that involve human subjects
are constrained by the number of samples that can be obtained when the disease
population of interest is small, when the measurement of interest is difficult to
obtain or when other logistic or financial constraints are present that prohibit
large scale studies Fortin and Currie (2013); Buerger et al. (2009). For example, in
Alzheimer’s Disease (AD) research, cerebrospinal fluid (CSF) measurements from
the lumbar puncture (LP) may be limited by participant willingness to undergo LP
and institutional capability to routinely perform the procedure in a research setting.
These issues are not restricted to biomedical studies, and variously manifest in
machine learning and computer vision where distinct datasets must be pooled, e.g.,
for training a statistical model. To solve these issues, one possible solution is to
identify and pool several similar datasets across multiple sites Carrillo et al. (2013b),
and the larger sample sizes of the pooled dataset will enable investigating potentially

interesting scientific questions that may not otherwise be possible with smaller



single-site cohorts. However, the datasets from multiple heterogeneous sources
usually have different distributions and their combination may mask the signal. For
example, the assays for proteins amyloid beta 1-42 and tau (the hallmark features of
AD pathology) are known to vary widely between assay product type, and within
a specific type of assay from differences in batch composition Vanderstichele et al.
(2012). That motivates us to derive a kernel-based framework to analyze data from
multiple heterogeneous sources in Chapter 2 Zhou et al. (2016, 2018a), that can
account and eliminate the biases between various datasets.

We find that kernel methods can be very useful in solving this problem. The
framework is built on a popular non-parametric quantity, maximum mean dis-
crepancy (MMD), which is the mean difference between two datasets in the kernel
space. The kernel space helps us to find a transformation that we can use to align
two datasets from different sources and eliminate the biases between them. The
framework also uses the graphical causal model to deal with the practical situation
where the covariates for different sites (or studies) are not exactly the same (e.g.,
age range of cohorts may vary). The work also includes consistency properties, an
identifiability condition and a hypothesis test to check model accuracy. In summary;,
we derive a framework with maximum mean discrepancy and graphical causal
model to eliminate the biases between different datasets and to combine multiple
datasets together in a systematic way for increased sample size and for improved
statistical power. We use the framework on Alzheimer’s Disease research and show
that we successfully combine two datasets from different research centers to derive
more accurate and consistent results.

In Chapter 3 Zhou et al. (2017), we continue our analysis of multiple hetero-
geneous datasets but with a different focus. We derive new hypothesis tests and
theoretical analysis to answer when it is beneficial to combine multiple datasets
together, both in the low dimension setting and high dimension setting. We find
that the problem is a bias-variance trade-off. When the reduction on the variance,
which may due to increased sample size, is more than the increase on the bias from
heterogeneous datasets, it is beneficial to combine different datasets even though

they come from different sources.



1.3 Data is Spatiotemporal and High-dimensional

In Chapter 4 Zhou and Raskutti (2019), we study how to build a nonparametric
model for spatiotemporal data when the samples are few but the dimension is
high. Multi-variate time series data (spatiotemporal data) arise in a number of
settings including neuroscience (Ding et al. (2011)), finance (Rydberg and Shephard
(1999)), social networks (Zhou et al. (2013)) and others. A fundamental question
associated with multi-variate time series data is to quantify influence between
different players or nodes in the network (e.g. how do firing events in one region
of the brain trigger another, how does a change in stock price for one company
influence others). To address such a question requires estimation of an influence
network between the d players or nodes. Two challenges that arise in estimating
such an influence network are (i) developing a suitable network model; and (ii)
providing theoretical guarantees for estimating such a network model when the
number of nodes d is large.

Instead of using parametric approaches, we consider a non-parametric sparse
additive model Raskutti et al. (2012); Ravikumar et al. (2010) for spatiotemporal
data, which can capture non-linear effects such as saturation. In Chapter 4 Zhou
and Raskutti (2019), we consider samples generated from a non-parametric sparse

additive auto-regressive model, generated by the generalized linear model (GLM),

d
Xt+1,j ’Xt ~ p (V] + Z f;k(Xt/k)> 7 (11)
k=1

where f}, is an unknown function belonging to a reproducing kernel Hilbert space
Xk, p(.) is an exponential family probability distribution including the Gaussian,
Poisson, Bernoulli and others to handle different data types.

In summary, we find kernel methods are very useful in analyzing spatiotemporal
data. We provide a scalable non-parametric framework using technologies in sparse
additive models for high-dimensional time series models that capture non-linear,
non-parametric framework. Prior theoretical guarantees for sparse additive models

have focused on the setting where samples are independent. In this work, we



analyze the convex penalized sparse and smooth estimator developed and analyzed
in Koltchinskii and Yuan (2010); Raskutti et al. (2012) under the dependent Markov
chain model (4.1). We demonstrate the flexibility and potential benefit of using the
non-parametric approach through both a simulation study and real data example
of Chicago crime dataset.

1.4 Data is Huge and Complex

Finally, in Chapter 5 Zhou et al. (2018b), we propose a framework to understand
the flow of the information in deep probabilistic models including Bayesian neural
networks, deep Gaussian processes, deep kernel learning, and others. We can
collect a huge dataset and successfully use deep neural networks (DNNs) to iden-
tify patterns in the data over the past decades for applications including pattern
recognition, documents translations, and recommender system. However, DNNs
lack interpretability and probabilistic explanation. That leads to problems in appli-
cations including self-driving cars, scientific analysis, and finance. For example,
when a car detects a person wrongly as a dog, it is important for us to understand
why the DNN model fails and fix it. When a patient is detected with a disease, the
doctor needs to tell the patient about the reason and how confident the result is.
When a DNN model is used to predict a stock change, the reason and confidence
for the prediction are very important. Should we buy a stock that may increase
$1 with 90% chance or a stock that may increase $100 with 5% chance? All these
issues require us to come up with a framework that can explain DNNs and provide
uncertainties.

We find that kernel methods are very useful in solving this problem. Though
the probabilistic formulation of DNNs is an existing area of research, called deep
probabilistic models, it is unclear about how we can interpret these models and
understand the flow of information in them. In our work, we derive a framework
to understand the flow of information in deep probabilistic models and we show
that the kernel methods play an important role. Our framework also points out a

way to extend additive models, hierarchical models and other statistical models



with structure assumptions to deep structure so that we can use modern high
computation power like deep learning while maintaining the good properties of
statistical models including interpretability and uncertainty estimate.



2 MAXIMUM MEAN DISCREPANCY AND GRAPHICAL CAUSAL

MODEL TO POOL AND ANALYZE DATASETS FROM MULTIPLE

HETEROGENEOUS SOURCES

2.1 Introduction

In this Chapter, we discuss how to pool and analyze datasets from multiple het-
erogeneous sources. Many studies that involve human subjects are constrained
by the number of samples that can be obtained when the disease population of
interest is small, when the measurement of interest is difficult to obtain or when
other logistic or financial constraints are present that prohibit large scale studies
Fortin and Currie (2013); Buerger et al. (2009). For example, in Alzheimer’s Disease
(AD) research, cerebrospinal fluid (CSF) measurements from lumbar puncture
(LP) may be limited by participant willingness to undergo LP and institutional
capability to routinely perform the procedure in a research setting. The assays for
amyloid beta 1-42 and tau (the hallmark features of AD pathology) are known to
vary widely between assay product type, and within a specific type of assay from
differences in batch composition Vanderstichele et al. (2012). Similarly, the expense
of imaging exams may prohibit large scale investigations. While the sample sizes
may be sufficient to evaluate the primary hypotheses, researchers may want to
investigate secondary analyses focused on identifying subtle associations between
specific predictors and the response variable Dubois et al. (2010); Vanderstichele
et al. (2012). Such secondary analyses may be underpowered for the given sample
sizes. One possible solution is to identify and pool several similar datasets across
multiple sites Carrillo et al. (2013b). One hopes that the larger sample sizes of the
pooled dataset will enable investigating potentially interesting scientific questions
that may not otherwise be possible with smaller single site cohorts.

In practice, we find that direct pooling of already collected datasets in a post-
hoc manner across multiple sites can be problematic due to differences in the

distributions of one or more measures (or features) Verwey et al. (2009). In fact, even



when data acquisition is harmonized across sites, we may still need to deal with site-
specific or method-specific effects on the measurements, such as the above noted
example with CSF Mattsson et al. (2011), before the analysis can proceed Klunk
et al. (2015); Carrillo et al. (2013a). For example, as discussed above, in AD studies,
cerebrospinal fluid (CSF) measurements Wang et al. (2012) may not be easily pooled
in the absence of gold standard reference materials that are common across assays
(or sites) Vanderstichele et al. (2012). Such issues also arise in combining cognitive
measures or transferring analysis results or models from one potentially large sized
dataset to another. For example, cohort studies may administer different cognitive
tests that assess the same underlying cognitive domain; therefore, thresholds used
to categorize individuals into different disease status groups may not be easily
transferred from one site to the other Carrillo et al. (2013b); Shaw et al. (2009). These
issues are not restricted to biomedical studies, and variously manifest in machine
learning and computer vision where distinct datasets must be pooled, e.g., for
training a statistical model. While the literature on addressing sample selection
bias and compensating for population characteristics differences is sizable Huang
et al. (2007a); Bareinboim and Pearl (2016), statistical frameworks for resolving
distributional shift to facilitate pooled analysis, essential in various applications, is
less developed in comparison.

Deriving scientific conclusions from a unified analysis spanning multiple in-
dividual datasets is often accomplished in practice via so-called meta analysis
approaches. Such an approach carefully collects research analyses/findings sepa-
rately performed on the datasets and then aggregates individual analysis results
through statistical models to come up with a final estimate of the parameters Lipsey
and Wilson (2001). However, various assumptions in meta-analysis schemes may
not always hold in practice and simple violations can lead to inaccurate scientific
conclusions Greco et al. (2013); Stegenga (2011). Alternatively, if access to the actual
data from individual studies is available, some pre-processing to harmonize the
data followed by statistical analysis of the pooled data may be preferable in many
cases. The pre-processing often utilizes methods that compensate (or correct) for
distributional shift, to the extent possible. For example, ideas related to domain



shift in Baktashmotlagh et al. (2013); Ganin et al. (2016) and other results describe
sophisticated models to improve prediction accuracy by correcting domain shift.
What is less developed is a formal treatment explaining how confident we are that
the shift across datasets has been successfully corrected (and consequently, the
analysis can safely proceed), whether or not the correction can be improved if we
were able to acquire more samples, what mathematical assumptions are needed,
and whether the residual (say, after a correction step) is due to fewer than necessary
samples or other violations of the underlying assumptions. The primary goal of this
Chapter is to offer a formal treatment of these problems and derive the theoretical
basis that can guide practical deployments.

In this Chapter, we present an in-depth theoretical study of distributional shift
correction across datasets. That includes consistency properties, an identifiability
condition and a hypothesis test to check model accuracy, using a discrepancy
measure popular in the domain adaptation literature Baktashmotlagh et al. (2013);
Ganin et al. (2016). We also provide an analysis based on a sub-sampling procedure,
showing how these ideas can be modified to deal with the practical situation where
the covariates for different sites (or studies) are not exactly the same (e.g., age range
of cohorts may vary) — towards facilitating rigorous analysis of pooled datasets.

Our contributions.

i) give a precise condition to evaluate whether a distributional shift correction is
identifiable;

ii) derive a subsampling procedure to separate distributional shift from other
sources of variations such as sample selection bias and population characteris-
tics differences;

iii) propose an algorithm based on a non-parametric quantity, Maximum Mean
Discrepancy (MMD);

iv) present experiments showing how these ideas can facilitate Alzheimer’s Dis-
ease (AD) biomarker research.
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Figure 2.1: (a) shows the distributional shift of A31.4, across ADNIand W-ADRC. (b)
shows the distributional shift of hippocampus volume across ADNI and W-ADRC.

2.2 Problem Setting

Let us assume that we have data from two sites S and T, and the site-wise data
corresponds to p different features. For presentation purposes, we will assume
that the features include 8 CSF protein levels, denoted as X, acquired from each
participant via a lumbar puncture. Since the absolute values of CSF measurements
vary as a function of the assay instrumentation, we are interested in correcting
the distributional shift to facilitate the analysis of the pooled dataset. But notice
that there are at least two other factors that can influence the correction. First, S
and T may have participants with age distributions that are not identical. It is
known that age influences protein level measurements and therefore will affect our
distributional shift correction. We denote the population characteristics which cause
differences in age distributions as Ep (also called “transportability” in Bareinboim
and Pearl (2016)). Similarly, while site S may include an almost equal split of
individuals with and without disease, healthy individuals may be overrepresented
in site T. We denote this bias in sample selection between two datasets as Eg, which
also influences X Bareinboim and Pearl (2016). Therefore, the actual distributions
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of observed CSF protein levels in the two datasets, Xs and Xy are P(Xs|Ep, Eg) and
P(Xt|Ep, Eg), respectively. If we only have access to Xs and Xy but no other variables
related to Ep and Eg, then correcting the distributional shift between Xs and Xy
is difficult. However, the problem is identifiable when we have age and diagnosis
status relevant for the variables Ep and Eg. In fact, we can specify the condition
when the correction is identifiable. We briefly review some concepts related to
graphical causal model and d-separation rules, and then state the identifiability

condition.

Graphical causal model

A graphical causal model is represented by a directed acyclic graph (DAG), which
consists of three types of entities: variables (nodes), arrows (edges), and missing
arrows. DAGs are useful visual representations of a domain expert’s assumptions
regarding causal relationships explaining the data generation process Elwert (2013).
In Fig. 2.2(a), we show an example. Arrows in the graph represent possible direct
causal effects between pairs of variables. For example, the arrow from I to O; means
that I exerts a direct causal influence on O;. The absence of an arrow represents
an assumption of no direct causal effect between the two variables Elwert (2013).
The missing arrow from I to ] denotes the absence of a direct causal effect of I
on J. Fig. 2.2(b) shows an example for our data analysis task where the DAGs
depict causal relations between age, sex, CSF, diagnosis status and other variables.
Here, age, sex and other endogenous variables influence the CSF measurements X,
which influences the diagnosis status D. The population characteristic difference
Ep only has a direct causal effect on age, whereas the sample selection bias Eg is
only directly related to diagnosis status D for each specific study or site. Note that
a graphical causal model is nonparametric and makes no other assumptions about
the distribution of variables, the functional form of direct effects or the magnitude
of causal effects.

Next, we introduce a useful concept called d-separation Pearl (2014) using the

model in Fig. 2.2(a) as an example. If two variables I and | are d-separated by a



12

set of variables Z, then they are conditionally independent, given Z. A pathisa
sequential set of connected nodes, independent of the directionality of the arrows.
A “collider” on a path is a node with two arrows along the path pointing into it (see
Os — O3 <= O¢ in Fig. 2.2(a)). Otherwise, the node is a noncollider on the path.

Definition 2.1 (d-separation (Pearl (2014))). A path p between two variables, I and ], is
said to be blocked by a set of variables Z if either: (1) p contains a noncollider that is in Z or
(2) p contains a collider node that is outside Z and has no descendant in Z. We say that 1

and | are d-separated by Z if any path between them is “blocked” by Z.

For example, in Fig. 2.2(a), I and | are d-separated by Z = {01, O, O3}. First,
after including {O1, O3} in Z, all paths are blocked due to rule (1) except the path
pr: 1+ Oy <~ O5 = O3 < Og = O4 — ]. The path p; stays unblocked because (1)
no noncollider on that path is in Z and (2) the only collider O3 on p; is in Z. So, we
can include one of {O,, Os, O¢, O4} on the path into Z to “block” it.

2.3 Identifiability Condition

We can now present a condition describing when distributional shift correction
across sites is identifiable, even with the concurrent influence of sample selection

bias and population characteristic differences on the measurements X.

Theorem 2.2. The distribution shift correction is identifiable if there exists a known set of

variables Z such that the following three conditions are all concurrently satisfied:

1) Z d-separates X and Eg (sample selection bias) and also d-separates X and Ep (population
characteristic difference);

2) The conditional probability P(X|Z), after appropriate transformations on X, is the same
across multiple participating sites (S and T);

3) The distribution of Z has a non-trivial overlap across multiple sites (S and T), which
means that there exists an interval [a, b] such that P(a < Z < b) > 0.5 for all sites.

From Fig. 2.2(b) and Tab. 2.1, we can check that Z = {D, age} satisfies Thm.
2.2. Condition (1) is satisfied by noticing that Z d-separates X and the nodes
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()

Figure 2.2: Plot (a) is an example of a graphical causal model. The colored nodes
are an example of a d-separation rule where I and ] are d-separated by {O;, O,, O3}.
Plot (b) is the graphical causal model for our CSF data analysis example. Here, the
population characteristics difference Ep only has a direct causal effect on the age
distribution. The sample selection bias Eg is only directly related to diagnosis status
D for each specific study. Nodes denoting age, sex influence the CSF measurements
denoted by X, which then influence the diagnosis status D. The CSF measurements
X and the nodes Ep and Eg are d-separated by diagnosis status D and age.

Ep and Eg. If all sites collect samples similarly, P(X|Z) will be the same (e.g.,
P(X|D = AD, age = 80)). From Fig. 2.2(b), variations denoted by Ep and Eg only
influence the marginal distributions of D and age but have no effect on the causal
relation/function among variables, e.g., P(X|Z). The distributional shift of X can be
corrected after some transformation, therefore, condition (2) holds. Finally, we will
see (e.g., Tab. 2.1) that the disease status and age distributions have a non-trivial
overlap across the two datasets, therefore, condition (3) also holds.

In practice, it is useful to seek a d-separating set of variables Z with the fewest
variables such that we can sacrifice (or leave out) the fewest samples to separate
distributional shift from the other variations Ep and Eg. Finding a minimal d-
separating set can be solved as a maximum flow problem Acid and De Campos
(1996). In practice, if the causal model is not too complicated, one may even find
a d-separating set Z manually. Then, it can be transformed into the problem of
“blocking” two nodes in an undirected graph with the fewest blocks Tian et al.
(1998).

The algorithm to find a minimal d-separating set. Before stating the algorithm,

we introduce some notations first. For any node set A, we define A, (A) to be the
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@ @ sex

(b)

Figure 2.3: In this graphical diagram, (a) represents the graphical causal model
for our AD study example. CSF X and other variations Ep, Eg are d-separated by
diagnosis information D and age age, whereas (b) represents the moral graph of
the subgraph on X, Ep, Eg and their ancestors, that is, mMDAG 4, (xUE,UEg)-

ancestral set containing set A, that is, A,,(A) = A U (Uyeafall ancestors of u}). We
call the directed subgraph composed only of nodes from A, (A) as DAG4, (a). A
so-called moral graph is formed from a directed acyclic graph by adding edges
between all pairs of nodes that have a common child, and then making all edges in
the graph undirected. We denote the moral graph of DASG 4, (A) as MDAG4, (A)-

In order to find a minimal d-separating set Z for the measurements of interest X
and bias nodes Ep and Eg, we only need to consider this question on the undirected
graph (DAS 4, (xue,uey)) instead of the full directed acyclic graph (as shown in
Tian et al. (1998)). We give an example for finding the minimal d-separating set
of the graph, which is shown in Fig. 2.3. Instead of using Fig. 2.3, the minimal
d-separating set can be found from Fig. 2.3(b), which represents mMDAG 4, (xUE,UER)-

The authors Tian et al. (1998) show that searching a d-separating set for X and the
bias nodes on the original DAG is equivalent to finding a node set that can block any
path between X and bias nodes in the moral graph of the DAG. Therefore, we can run
a Breadth First Search (BFS) algorithm on the undirected graph mDASG 4, (xUE,UER)
to check whether Z is the minimal d-separating set and adjust it if it is not. For our
example in Fig. 2.3, by using BFS we can see that Z = {D, age} will block any path
from X to the bias nodes Ep and Eg in Fig. 2.3(b).
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2.4 Tests for Correcting Distributional Shift

We now describe an algorithm to correct distributional shift if it is identifiable
(Thm. 2.2). We start our discussion by first assuming that the two to-be-pooled
datasets, S and T, only include a distributional shift in the features (e.g., due to
measurement or site-specific nuisance factors) and involve no other sampling biases
or confounds (i.e., Ep and Eg). Later, we present a subsampling framework to extend
the algorithm to the case when other variations co-occur and also contribute to the
shift. We calculate the distributional shift correction by identifying a parametric
transformation on the site-wise samples from S and T. We assume that site S
provides ng samples Xs = (xg, X%, ..., xg*°), given by a distribution Ps and T provides
nrt samples X1 with a distribution Pr.

Let us denote the transformation on Xs as h*(-) and the transformation on Xt as
g°(+), characterized by the unknown parameters A and 6 respectively. For example,
if we choose h*(+) to be an affine transformation with parameters A := W, it maps
any value x to Wx; thatis h"(-) : x = Wx . The algorithm seeks to find a pair of
transformations such that distributions of two datasets are matched (corrected)
after the transformations are applied. We use maximum mean discrepancy (MMD)
as a measure of difference between the two (transformed) distributions. The MMD

is expressed as a function of two distributions Ps, Pt as
MMD(Ps, Pr) = ||[Ex-p K (X, ) — Ex-p, K(X, )5

which is defined using a Reproducing Kernel Hilbert Space (RKHS) with norm
|| - ]3¢ and kernel . MMD can also be considered as the mean difference between
two distributions after kernel embedding, and has several desirable properties, for
example, it is zero if and only if two distributions are identical Gretton et al. (2012).
One requirement, however, is that the kernel has to be characteristic and specific
choices may be guided by the application Gretton et al. (2012). The empirical version
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of MMD can be calculated with samples Xs, X1 as

. 1 &8 , 1 & )
D = ||— E K(xk, ) — — E K(x, -
MMD(Xs, X1) ”ng - (xs,-) nr & (s ¢

Recall that our algorithm is trying to match the two distributions after applying
the parametric transformations h*(-) and g°(-). Therefore, we estimate parameters
A and 6 using the empirical MMD by searching for a minimum value, e.g., using

stochastic gradient descent,

A A — - MMV (WA 0

(A,0) = arg ednin MMD(h*(Xs), g" (Xt)) (2.1)
The class of transformations we will choose for a specific application should be
informed by domain knowledge, but in general, simpler transformation classes are

preferable.

Optimization

We give a special case of the optimization problem when we set X to be a Gaussian
kernel, gP (.) as the identity and h"Y (x) = WT, (x) as a linear function for parameters
W. Here, T,(x) is a known transformation on x, for example, T, (x) = x? relates to
the second order polynomial transformation. Recall that the general form of the

optimization is

(3,0 =arg_min =3 Kb )—— 3 Kt B @2)
= ;

AEQ,0€Q0 Mg “
1=



For our example case, the simplified objective can be written as

A

W =arg Wrrelglw F(W)

1 ns ) 1 nr .
o iy Vo )12
_argWrrelgl = ZSK(WIT(XS), ) _— ;K(XT/ 3¢
]:
ns ngs nt nr

_argwn;gl nZ ZZUC WT, (x}) +—ZZU< Xk, X))

11]1 11]1

__2 -2 D ep(IWT(x) — <)

This is a continuous optimization and its gradient with respect to F is:

= ZZexp IW(T () — T GBIt (WTW, (Ty () — T (35)) (T (x
ns i=1j=1
ey LYY expl[WTlx) — 3] (T ) TWT) (W () — )

i=1j=1
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(2.3)

(2.4)

Since the objective is continuous, the optimization can be performed by gradient

descent or stochastic gradient descent. A useful prior based on some domain

knowledge can also help the optimization scheme since the objective is non-convex.

We now provide a result to setup a confidence region to choose a good initial

point for the optimization.

Lemma 2.3. Under Hy, the identity ¢°(.) with h"Y (x) = WT,(x), we have

min(ng,nr)

1

Owi= {W———— Y [xk —WT.(x})[5 < 3tr(VAR(Pr)) +

min(ng,nT) i1
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where VAR is the variance and tr(-) is the trace. For any €, x > 0 and a sufficiently large
sample size, a neighborhood of the true W is contained in Q. with probability at least

1—«.

Hypothesis tests and consistency

We now show that the estimators A and 0 are consistent. First, we describe some
assumptions. We define the search region for A as QO which belongs to RP*; similarly,
the search region for 0 is defined as Q¢ € RP°. In our results, we assume that O, Qg
live in Euclidean space. The results, however, may be generalized to other spaces

with similar techniques.

Assumptions 2.4. We require three assumptions for the consistency results.

(1) The search regions Q,, Qg of A, 0 are bounded.

(2) The kernel X of RKHS used for MMD is non-negative, characteristic and bounded by a
constant k.

(3a) | K(hM(x), ) — K(hM(x), )|ln < LA — Ao||3™ with constants Ly, ty, for any x in
the support of Ps and VA1, Ay € Q

(3b) || K(g% (x), ) — K(g%(x), )| < Lgl||01 — 02||" with constants Ly, 14, for any x in
the support of Pt and V64,0, € Qg

The Assumption 2.4 (2) is used for most consistency analyses based on MMD Gret
ton et al. (2012). The Assumption 2.4 (3a) and (3b) are satisfied for a big class of
transformations with differentiable radial basis kernel. We have following sufficient

conditions to satisty Assumptions 2.4 (3a) and (3b).

Lemma 2.5. If the following two conditions are satisfied, then Assumptions 2.4 (3a) and
(3b) hold.

(1) The kernel function X(||x —y||2) is a radial basis kernel where 0K (.) is bounded in a
neighborhood of 0.

(2) The transformation h*(x) is Holder-continuous as a function of A\ with ratio ry, for
any x in the support of Ps. Similarly, the transformation g°(x) is Holder-continuous as a
function of © with ratio r4 for any x in the support of Pr.
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We now show that the estimators A and 0 are consistent.

Theorem 2.6. Under mild assumptions 2.4, if there is a A, 0 such that h*(Xs) and
g% (Xt) have the same distribution, then

MMD (WA (Xs), g°(X1)) — 0

\/log ng) \/log(n-r)

T ) If Ao, O are unique, then the estimators A, 0 are

with the rate max(

consistent.

Remark. In various applications (including our experiments), we may choose
one class of transformations h*(x) to be the identity transformation and transform
samples in the other dataset to match the reference dataset.

The foregoing discussion and the theorem assumes that the two distributions
can be matched via some unknown transformation. This may not always be true
and it is important, in practice, to identify when the datasets cannot be pooled, for
the specified class of transformations. Next, we provide a hypothesis test to answer
this question. Let us define

Ho : There exists A, 0 such that h*(Xs) and ¢°(X1) match
Hpa : There is no A, 0 such that h*(Xs) and g°(Xy) match

The test statistics can be obtained by plugging A, 8 into the empirical MMD calcula-
tion as,
MMDiest = MMD(R(Xs), g° (Xr))

We can show that the hypothesis test is consistent.

Theorem 2.7. Given Assumptions 2.4, when H, is true, with probability at least 1 — «,

. A 2k )1 1
MM@(M(XS),QG(XT)K\/ (ns 1) log & +2\/ +2,/
Nsnrt
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When Hp is true, with probability at least 1 — «,

IMMD (WA (Xs),9° (X7)) — C.l <

k d [ k d
—(4+\/Chf“+—7\logn5)+ — 4+ C9'°‘+—elognT)
ng 21 nr 2rg

where C,, = miny g MMD(h*(Ps), g°(P)) is a positive constant when Ha holds Gretton
et al. (2012{1. Here,LCh'“ = log(2|Qx]) + log ! + f—}’: log \L/—% and C9° =1log(2|Qol) +
log ot + +2log £

The test can provide guidance on whether the distributional shift has been
successfully corrected. If the test suggests the alternative hypothesis, one may
consider adjusting the transformation class h*(-) and g°(-), other factors such as
sample selection bias and population attribute difference, or decide against pooling.

The threshold given in Thm. 2.7 can be used for performing hypothesis tests
when the sample size is large enough. But when the sample sizes are small to
moderate, a data-driven method may perform better. The same observation is
discussed in related papers Gretton et al. (2012) for the MMD-based two sample
test.

For the data-driven method, we require one transformation class to always be
the identity. In other words, we consider g°(Xt) to always be X7 itself and we
transform Xs using hA (Xs) to match Xt. Before presenting the method, let us recall
our definition of the null and alternative hypotheses.

H, : There exists a A such that h*(Xs) matches Xt
Ha : There is no A which matches h*(Xs) and Xy

To test these hypotheses, we construct a bootstrap-type procedure here to calculate
p-values:
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Algorithm 1 Bootstrap-type hypothesis testing procedure

1: Define B to be the total number of bootstraps

2: forbin1:B do

3: Randomly generate ns and ny samples: X§, X% from empirical distribution

based on Xt with replacement.

4. Calculate the empirical distance between two distribution, mmd®, by
mmd® = J\W\D(X’g,)@)

end for o

Compute p-value given the test statistics MMD (h*(Xs), X1) based on the em-

pirical distributions of (mmd!, ..., mmd?®).

SANRSH

Remark. We can speed up the loop in Alg. 1 by computing distances between
Ns + nt samples and permuting them for each iteration.
We now show that our procedure is a valid hypothesis test given the following
results:

Lemma 2.8. Given ns samples Xs from P, we have that (from Thm. 7 in Gretton et al.
(2012)) with probability at least 1 — «,

— . 1
NMD(Ks, X7) < \/Zk(“SJrnT log o” +2,/ +2,/ 2.5)
MNsnrt

Meanwhile, if Hy is true: there exists a Ao such that h™(Xs) come from the same distribution
as the underlying distribution Pt for Xv. Therefore, m(h"o(xg),XT) is identically
distributed as MMD(Xs, X1),

MMD (R (Xs), X1) ~ MMD(Xs, X71). (2.6)

[2.5] tells us that the bootstrap empirical distribution we construct is bounded
by some constants converging to 0 with probability at least 1 — «. Therefore, we can
reject the null hypothesis when Ha holds because J\TM\D(h}‘ (Xs), Xt) converges to
a positive constant asymptotically with high probability from Thm. 2.7. Also, we
can control the type I error from our bootstrap procedure in the following way. For
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a critical value (related to a significance level «) calculated from the bootstrap em-
pirical distribution, when Hy is true, J\TM\@(W‘O (Xs), Xt) is smaller than the critical
value with probability at least 1 — & because of [2.6]. Further J\TM\D(h}‘(XS), X71)
must be smaller than J\m(h}‘o(Xg),XT) since the former quantity is the mini-
mum in the search region Q5. Therefore, the type 1 error for our hypothesis test is
well-controlled.

Next, we introduce a subsampling scheme to correct distributional shift when
other contributors to the shift co-exist but the correction is still identifiable.

Subsampling framework

When the test chooses Ha, one reason may be that one or more cohort-specific
factors contribute in significant ways to the observed distributional shift between Xs
and Xy. Recall that our earlier discussion suggests that the problem is identifiable
if we can find a Z satisfying the conditions in Thm. 2.2. Then a subsampling

procedure can potentially resolve the confound. The reason is that,
P(X[Ep, Eg) = Ezje, e, [P(XIZ, Ep, E)].

From Thm. 2.2, we know that P(X|Z, Ep, Eg) = P(X|Z) which remains the same
across sites after a suitable transformation. Therefore, simply by adjusting P(Z|Ep, Eg),
the effects of the other factors on X can be controlled, except distributional shift.
Such a sub-sampling scheme is widely used in addressing sample selection bias in
other applications Gong et al. (2013) (also see Wang et al. (2017) on the sub-sampling
scheme for reducing computational burden). In our setting, the motivation for us-
ing sub-sampling is similar, but it is used in the context of correcting distributional
shift — after subsampling. Separately, since subsampling has been used in bagging
to stabilize estimations and reduce variance (e.g., for random forests Wager et al.
(2014)) we can directly obtain stable estimators and calculate their variance.
Specifics of subsampling. We divide Xs into d groups with sample sizes given as

1 d
(ni,..,nd), ie, Xs = (x(sl’l), ...,x(sl’ns), ey x(sd’l), .y xéd’ns)). Similarly, Xy is divided

. . . . . 1,1 1nl
into groups with sample sizes given as (nl,..,n¢), ie, Xy = (x(T ),...,X-(r 2y
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(a,1) (dnd) . . i
X1, Xy ). The sub-sample sizes are (sy, s, ..., sq) where s; < min(ng, n%)

for any j = 1,...,d. Then, we generate subsamples for Xs and Xt and apply (2.1)
sequentially. We run sub-sampling with replacement B times and denote each

iteration’s estimators as A®,0°. Then, our final transformation estimators are given
b
asA=1Yp Atandf =137 _ 6

Infinitesimal Jackknife confidence interval

In most scientific studies, we also want to obtain a confidence interval for the cal-
culated transformations. In this case, however, there is no closed form solution
and so we employ a bootstrap type method. Since subsampling already involves
bootstrapping, using a simple bootstrap results in a product of bootstraps. Fortu-
nately, a similar issue was encountered in bagging and an infinitesimal Jackknife
method Efron (2014), was provided for random forests which works quite well
Wager et al. (2014); Wager and Athey (2017). Inspired by this result, we use the
infinitesimal Jackknife to estimate the variances of estimators A and 6. The method
cannot be directly applied here since it considers subsampling from one group
whereas we need subsampling from multiple groups. We therefore extend the
results to multiple groups.

Based on the subsampling scheme for Xs and X+ defined above, the multi-groups

infinitesimal Jackknife estimators (IJ estimator) of variance is given as

Theorem 2.9. Define 9% ik to be the number of appeamnces of X in iteration b. Define

COV(guiix),A) =5 Zb 1 (gu ix) — ni ) The 1] estimator of variance for A is
VARGA) = > > ) (COV(gu(in, )
wels, T} i=1 k=1

The procedure for @ is identical.
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Algorithm 2 Subsampling-MMD algorithm (S§P)

: Divide Xs and Xt separately into d groups by Z.
: Decide subsample size (s1, s, ..., S4)-
: forb=1to B do
Generate subsamples X¢ from d groups of Xs.
Generate subsamples X} from d groups of Xr.
(A®,8°) = arg minxcq, a0, MMD(RM(XE), g% (X}))
Calculate and record gz(i,k) forallu, i, k.
end for
: SetA =1 S oAb D= 1 S o_, 6Y, calculate VAR (A), VAR ().

—_

R S A L R S

2.5 Experiments

In this section, we show the application of our framework for synthetic data and

Alzheimer’s disease study:.

Synthetic data

The first set of experiments were designed to check the efficacy of the hypothesis

test whereas the second experiment evaluated the estimation consistency.

Simulation for the hypothesis tests

We generated samples from the standard normal distribution N(0, 1) to synthesize
the first dataset Xs and use the normal distribution N(10,2), with mean 10 and
standard deviation 2, to synthesize another dataset Xy. Notice that, under the cor-
rect transformation class h(®?)(Xs) = aXs 4+ b, we can correct the distribution shift
and we should accept Hy. We consider two types of variations that can potentially
affect the correction and check whether the hypothesis test indeed rejects Hy with
high power.

1) In Fig. 2.4(a), we always choose the transformation class h!%°)(Xs) = aXs+b
and one dataset Xy comprised of samples from N(10,2). But we vary the generat-
ing distribution for the other dataset choosing between N(0, 1), Laplace(0, 1) and
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Figure 2.4: (a,b) Acceptance rate for our hypothesis test when Hj is true or false. (c)
Error of our estimators under two different cases for generating distributions.

Exponential(1l). We also vary the sample sizes. The hypothesis test with signifi-
cance level 0.05 is performed on 100 repetitions and the acceptance rate curves are
plotted. From Fig. 2.4(a) we see that our hypothesis test does accept Hj at a high
rate when it is true (red curve) and tends to reject Hy with an increase in power as
the sample size increases whenever the generating distributions are not Normal
(blue and black curves).

2) In Fig. 2.4(b), we always choose one dataset X1 composed of samples from
N(10,2) and the generating distribution for the other dataset Xs is set to be N(0, 1).
Then, we vary the transformation class h!9"¢)(Xs) choosing between aX3 +bXs +c
and alog(|x|) + b. Here, note that aX} + bXs + ¢ includes the true transformation
whereas alog([x|) + b corresponds to an incorrect transformation class. Again,
we vary the sample sizes and repeat the hypothesis test 100 times and plot the
acceptance curves in Fig. 2.4(b). Similar to the first setting, we observe that our
hypothesis test accepts Hy at a high rate when it is true (red curve) and tends to
reject Hy with high power as the sample size increases in the setting where the
transformation class is wrong (blue curve).

Simulation for estimation consistency

In this simulation, we assume that the distributional shift is the only variation across
the datasets, Xs and Xt. We check the estimation consistency of the transformation
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hw(-) which minimizes the MMD distance between hW(XS) and Xr.
In Fig. 2.4(c), we perform the experiments for two models. For model 1, the
generating distributions for two datasets are,

o ((2)(8%))
(1) (5 %)
()0

In other words, we generate samples for Xs and X7, and we transform X{* to get
X7. The transformation class we consider is

ap; app ais Xs
Xt =
a1 dzp a3 1

We define the quadratic mean of the estimation error for "Model 1, first row" in Fig.
2.4(c) as

3

Similar, the quadratic mean of the estimation error is defined for the second row

\/((111 — 1)’ + (a2 — 2)* + (az3 — 10)?

(az1, ax, azs). The plot shows us that the estimation error is small and decreases

as the sample size increases. We also check this behavior under different types of
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generating distributions, including

raw N(O’ 1)
X1
N(0,1)
X1
1 2 10 Xraw
Xt = T
2 1 =20 1

We call this model 2 and observe a similar trend as model 1 as shown in Fig. 2.4(c).

Applications to Alzheimer’s disease study

We demonstrate the application of the framework to correct distributional shift
between two Alzheimer’s disease (AD) datasets and show how such a strategy can
lead to improved pooled data analysis. The two datasets come from the Alzheimer’s
Disease Neuroimage Initiative (ADNI) project and Wisconsin Alzheimer’s Disease
Research Center (W-ADRC). Both studies follow similar protocols for acquiring
CSF samples from participants and measuring protein levels Vanderstichele et al.
(2012). It is known that the CSF protein levels are indicative of neurofibrillary tan-
gles and amyloid plaques, characteristic of AD pathology. The distributions of the
protein measurements across the two datasets are different due to various reasons
described in the literature Vanderstichele et al. (2012), which makes pooled analysis
and/or transferring results from one dataset to the other problematic. For example,
a threshold derived for the ADNI dataset may not be applicable to the W-ADRC
dataset. Both datasets included eight distinct CSF protein levels measured on seven
proteins (A 1.4 is measured by two methods), where the distributional shift needs
to be corrected. In both W-ADRC and ADNI, the measured proteins include A 313,
AB1-40, AP1-a2, P-tauss, t-tau, NFL and neurogranin. While W-ADRC dataset pro-
vides 125 samples, ADNI includes 284 samples (see Table 2.1). After correcting
the distributional shift, we fit statistical models which include age, sex, and CSF
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Table 2.1: Variations of age and diagnosis status across datasets.

ADNI W-ADRC
Sample size 284 125
Age range (55 ~ 65/65 ~ 75/75 ~ 85) | 11/43/46(%) | 44/34/22(%)
Diagnosis status (CN/AD) 60/40(%) 76/24(%)

proteins as covariates. As a response variable, we use hippocampus volume or
diagnosis status. Here, besides correcting the CSF protein levels across the two
datasets, we also correct distribution shift of hippocampus volumes since they may
be calculated with different image acquisition characteristics and potentially differ-
ent software (Freesurfer in ADNI versus FIRST/FSL in W-ADRC). Our workflow
involves three tasks 1) correct distributional shift across the datasets for CSF protein
levels, 2) transform thresholds in ADNI to W-ADRC, 3) pool the data together
to predict the response variable (hippocampus volume, diagnosis status) within

regression or classification.

Correct distributional shift of CSF

Table 2.1 shows that the age distributions as well as the proportion of participants
who are healthy (CN) and diseased (AD) in the two datasets are not exactly the
same, which makes directly attempting a distributional shift correction in the
CSF measures not very meaningful. But when other variations (confounders)
co-exist together with distributional shift, as discussed earlier, we should check
whether there exists a set of variables Z satisfying conditions given in Thm. 2.2. We
previously described how choosing Z = {D, age} satisfies Thm.2.2. Such a Z is also
the minimal d-separating set. To proceed with the analysis, we divide our samples
in d = 6 groups based on all possible combinations of diagnosis status (AD/CN)
and age ranges (55 ~ 65/65 ~ 75/75 ~ 85). We can now run the subsampling-MMD
algorithm (88P) with Z = {D, age} (iterations B = 2000) to correct the distributional
shift in X. We show two representative results in Fig. 2.5. For each plot in Fig.
2.5, depending on the subsamples randomly collected from 10 iterations, we plot
the distributions of protein levels and a protein ratio measure (widely used in the
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Figure 2.5: The plots of (a) AB14 and (b) p-tau/AB14 show the empirical distri-
butions of W-ADRC samples (blue), ADNI samples (red) and transformed ADNI
samples (brown). W-ADRC samples are nicely matched with transformed ADNI
samples.

aging/AD literature) in ADNI before/after correction (red /brown) with respect to
W-ADRC baseline (blue). We see that the distributions of raw measures are very
different between ADNI (using the AlzBio3 xMAP assay) and W-ADRC (using the
ELISA INNOTEST assay). After our correction, the distributions are matched for all
8 CSF protein measurements and both protein ratios that are relevant in AD research
(p-tau/AP1.42 and t-tau/AP1.42). We randomly select one iteration and apply the
hypothesis test, which accepts the transformations with high p-values. We also use
the infinitesimal Jackknife to estimate the standard deviations of parameters and

report them in Fig. 2.5.

Transferring thresholds for disease staging across datasets

After performing our correction, CSF protein measurements across the two datasets
can be analyzed together. We can evaluate the effect of using models (or thresholds)
derived for the ADNI dataset on W-ADRC by transferring the criteria directly.
For example, five CSF based biomarker signature (thresholds) developed for AD
using ADNI participants Shaw et al. (2009) can now be transferred to the W-ADRC
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Table 2.2: The performance of thresholds in ADNI and W-ADRC.

W-ADRC t-tau | AP | p-tau | x5 gﬁ
Threshold | 568.08 | 629.39 | 48.86 | 0.77 | 0.07
Sensitivity(%) | 75.86 | 89.66 | 82.75 | 93.10 | 93.10

Specificity(%) | 92.23 | 69.90 | 67.96 | 86.41 | 79.61

ADNI t-tau | AP | p-tau | 25" | g
Threshold | 93.00 | 192.00 [ 23.00 | 0.39 | 0.10
Sensitivity(%) | 69.6 | 964 | 67.9 | 85.7 | 91.1

Specificity(%) | 923 | 769 | 73.1 | 84.6 | 71.2

The W-ADRC thresholds are derived from corresponding ADNI thresholds re-
ported in the literature Shaw et al. (2009) using Algorithm 2.

dataset. Given a threshold for any specific CSF protein, we can evaluate a sample
in W-ADRC by comparing the corresponding measurements with the transformed
threshold. The procedure produces sensitivity and specificity (for detection of AD)
for each of the 8 CSF protein measurements and the 2 derived ratios. Our final
thresholds, sensitivities and specificities based on the experiments are shown in
Tab. 2.2. The accuracy estimates suggest that all derived thresholds work well —
we find that the sensitivity and specificity are competitive with the results reported
for ADNI Shaw et al. (2009) (cf. Table 4), and show how results/models from one
dataset may be transferable to another dataset using our proposal.

Pooling and analyzing the two datasets together

For the final experiment, we evaluate whether predictors from both datasets can
be pooled for predicting hippocampus volume and diagnosis status (response
variables) within regression and classification. We build a linear regression model
based on age, sex and CSF proteins (after distributional shift correction) to identify
associations with hippocampus volume. In order to evaluate the accuracy of the
model, we randomly choose 25 samples (20%) from W-ADRC data to serve as the
test set. For evaluation purposes, we generate three different types of training
datasets: using W-ADRC samples only, W-ADRC plus raw (uncorrected) ADNI
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samples and W-ADRC plus transformed ADNI samples. Note that the data used
to generate the training set is based on all 284 ADNI samples and the remaining
100 W-ADRC samples. To obtain prediction errors for each of the three schemes
with respect to varying training sample sizes, we vary the training sample size by
choosing b% samples from each of the two datasets and then change b from 30% to
90% in 10% increments. To avoid performance variation due to random choice of
samples, after the test set is chosen, we run 5 bootstraps to select training set and fit
the model. Finally, we run 80 bootstraps to generate multiple test sets and evaluate
the model performance. In this way, based on 400 bootstraps, we are able to obtain
a more stable prediction error and are able to calculate the standard deviation. The
square root of mean squared prediction error (MSPE) scaled by a constant is shown
in Fig. 2.6(a). We can see that the prediction errors decrease as training sample size
increases, while the W-ADRC plus transformed ADNI data consistently offers the
best performance.

Next, the same setup is used to predict AD status with a Support Vector Machine
(SVM) classifier. Because the ratio of AD and CN is biased in the test set from W-
ADRC, we set a uniform prior in SVM and separately report the classification
accuracy for participants with AD and without AD in Fig. 2.6(b).

2.6 Discussion

There is growing interest in the design of infrastructure and platforms that allow
scientists across different sites and even continents to contribute scientific data and
explore scientific hypotheses that cannot be evaluated on smaller datasets. Such
efforts can be facilitated via the availability of theory and algorithms to identify
whether pooling is meaningful, how the data should be harmonized and later, how
statistically meaningful and reproducible scientific conclusions can be obtained.
We described a statistical framework that addresses some of the natural issues that
arise in this regime, in particular, providing conditions where distributional shift
between data sets can be corrected. The experimental results suggest promising

potential applications of this idea in aging and Alzheimer’s disease (AD) studies.
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Figure 2.6: Plot (a) shows the trend of mean squared prediction error (MSPE) for
hippocampus volume as the sample size increases using 400 bootstraps. The bar
plot covers the prediction error for three types of training set as depicted in the
legend, including using W-ADRC only (red), W-ADRC plus ADNI (green) and
W-ADRC plus transformed ADNI (blue). The third model continues to perform
the best. Plot (b) shows the trend of classification accuracy with respect to patients
with AD (solid line) and healthy patients (dotted line) as sample size increases
using 400 bootstraps. An SVM model is used and three types of training set are
shown in the legend. For samples with AD, the three methods converge to the same
accuracy as the training sample size increases. For healthy controls, the W-ADRC
plus the transformed ADNI dataset is always better than the other two schemes.
It is interesting to see that W-ADRC plus the raw ADNI data also performs better
than W-ADRC alone, possibly because only 25(24%) subjects from W-ADRC are
diagnosed with AD —with few AD samples, even the uncorrected ADNI data nicely
informs the classification model.
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We presented the framework for pooling and analyzing datasets from multiple
heterogeneous sources. For an almost ideal framework, the biases across multiple
datasets may decrease but continue to exist. That leads to the question that how
we can decide whether the pooling is beneficial or not. In the next Chapter, we
are going to discuss hypothesis tests and theory on when it is beneficial to pool

multi-source datasets.
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3  HYPOTHESIS TESTS AND THEORETICAL ANALYSIS ON WHEN

POOLING MULTI-SOURCE DATASETS IS BENEFICIAL

3.1 Introduction

In this Chapter, we discuss the hypothesis tests and theory on when pooling multi-
source datasets in beneficial. In the last two decades, statistical machine learning
algorithms for processing massive datasets have been intensively studied for a
wide-range of applications in computer vision, biology, chemistry and healthcare
Murdoch and Detsky (2013); Tarca et al. (2007). While the challenges posed by
large scale datasets are compelling, we pointed out in Chapter 2 that one is often
faced with a fairly distinct set of technical issues for studies in biological and
health sciences. The statistical analyses in these studies are often underpowered
for the sample sizes available, and necessitates efforts to identify similar datasets
elsewhere so that the combined sample size of the “pooled” dataset is enough
to determine significant associations between a response and a set of predictors,
e.g., within linear regression. In Chapter 2, we presented a framework to combine
multiple heterogeneous datasets together. However, there might exist other biases
between two datasets beyond what we considered, and there might exist a few
remaining biases after we transform the datasets by our framework. In this Chapter,
we consider the problem whether it is beneficial to combine multiple datasets
when biases exist. This raises several fundamental technical questions. When is it
meaningful to pool datasets for estimating a simple statistical model (e.g., linear
regression)? When can we guarantee improvements in statistical power, and when
are such pooling efforts not worth it? Can we give a hypothesis test and obtain p-
values to inform our policies/decisions? While related problems have been studied
in machine learning from an algorithm design perspective, even simple hypothesis
tests which can be deployed by a researcher in practice, are currently unavailable.
Our goal is to remove this significant limitation.

The realization that “similar” datasets from multiple sites can be pooled to
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potentially improve statistical power is not new. With varying empirical success,
models tailored to perform regression in multi-site studies Group (2002), Haase et al.
(2009), Klunk et al. (2015) have been proposed, where due to operational reasons, re-
cruitment and data acquisition are distributed over multiple sites, or even countries.
When the pooling is being performed retrospectively (i.e., after the data has been
collected), resolving site-specific confounds, such as distributional shifts or biases
in measurements, is essential before estimation/inference of a statistical model.
We will not develop new algorithms for estimating the distributional mismatch or
for performing multi-site regression — rather, our primary goal is to identify the
regimes (and give easily computable checks) where this regression task on a pooled
dataset is statistically meaningful, assuming that good pre-processing schemes
are available. We will present a rigorous yet simple to implement hypothesis test,
analyze its behavior, and show extensive experimental evidence (for an important
scientific problem). The practitioner is free to use his/her preferred procedure for
the “before step” (estimating the distributional shifts).

Our contributions.

i) Our main result is a hypothesis test to evaluate whether pooling data across
multiple sites for regression (before or after correcting for site-specific dis-
tributional shifts) can improve the estimation (mean squared error) of the
relevant coefficients (while permitting an influence from a set of confounding
variables).

ii) We derive analogous results in the high-dimensional setting by leveraging a
different set of analysis techniques. Using an existing sparse multi-task Lasso
model, we show how the utility of pooling can be evaluated even when the
support set of the features (predictors) is not exactly the same across sites using
ideas broadly related to high dimensional simultaneous inference Dezeure
et al. (2015). We show {,-consistency rate, which supports the use of sparse
multi-task Lasso when sparsity patterns are not totally identical.
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iii) Onanimportant scientific problem of analyzing early Alzheimer’s disease (AD)
individuals, we provide compelling experimental results showing consistent
acceptance rate and statistical power. Via a package in CRAN/R, this will
directly facilitate many multi-site regression analysis efforts in the short to

medium term future.

Related work

Meta-analysis approaches. If datasets at multiple different sites cannot be shared
or pooled, the task of deriving meaningful scientific conclusions from results of
multiple independently conducted analyses generally falls under the umbrella term of
“meta analysis”. The literature provides various strategies to cumulate the general
findings from analyses on different datasets. But even experts believe that, minor
violations of assumptions can lead to misleading scientific conclusions Greco et al.
(2013), and substantial personal judgment (and expertise) is needed to conduct
them. It is widely accepted that when the ability to pool the data is an option,
simpler schemes may perform better.

Domain adaptation/shift. Separately, the idea of addressing “shift” within
datasets has been rigorously studied within statistical machine learning, see Patel
et al. (2015); Li (2012). For example, domain adaptation, including dataset and
covariate shift, seeks to align (the distributions of) multiple datasets to enable
follow-up processing Ben-David and Schuller (2003). Typically, such algorithms
assume a bias in the sampling process, and adopt re-weighting as the solution
Huang et al. (2007b); Gong et al. (2013). Alternatively, a family of such methods
assume that sites (or datasets) differ due to feature distortions (e.g., calibration error),
which are resolved, in general, by minimizing some distance measure between
appropriate distributions Baktashmotlagh et al. (2013); Pan et al. (2011); Long et al.
(2015). In general, these approaches have nice theoretical properties Ben-David
et al. (2010); Cortes and Mohri (2011); Zhou et al. (2016). However, it is important to
note that the domain adaptation literature focuses on the algorithm itself — to resolve
the distributional site-wise differences. It does not address the issue of whether
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pooling the datasets, after applying the calculated adaptation (i.e., transformation),
is beneficial. Our goal in this Chapter is to assess whether multiple datasets can be
pooled — either before or usually after applying the best domain adaptation methods
— for improving our estimation of the relevant coefficients within linear regression.
We propose a hypothesis test to directly address this question.

The high-dimensional case. Neuroimaging scenarios, in general, involve pre-
dicting a response (e.g., cognitive score) from high dimensional predictors such as
imaging scans and genetic data, which in general, entails Lasso-type formulations
unlike the classical regression models. Putting multi-task representation learning
Maurer et al. (2016),Ando and Zhang (2005),Maurer et al. (2013) together with a
sparsity regularizer, we get multi-task Lasso model Liu et al. (2009); Kim and Xing
(2010). Although this seems like a suitable model Chen et al. (2012), it assumes that
multiple tasks (sites here) have an identical active set of predictors. Instead, we
find that sparse multi-task Lasso Lee et al. (2010), roughly, a multi-task version of
sparse group Lasso Simon et al. (2013); Lee et al. (2010) is a better starting point.
There is no theoretical analysis in Simon et al. (2013); although a {,-consistency
for sparse group lasso is derived in Chatterjee et al. (2012) using a general proof
procedure for M-estimators, it does not take into account the specific sparse group
Lasso properties, thereby, making the result non-informative for sparse group
Lasso (much less, sparse multi-task Lasso). Specifically, as we will see shortly, in
sparse multi-task Lasso, the joint effects of two penalties induces a special type of
asymmetric structure. We show a new result, in the style of Lasso Meinshausen and
Yu (2009); Liu and Zhang (2009), for {, convergence rate for this model. It matches
with results known for Lasso and group Lasso, and identifies regimes where the
sparse multi-task (multi-site) setting is advantageous.

Simultaneous High dimensional Inference. Simultaneous high dimensional
inference models such as multi sample-splitting and de-biased Lasso is an active
research topic in statistics Dezeure et al. (2015). Multi sample-splitting use half of
the dataset for variable selection and the rest for calculating p-values. De-biased
Lasso chooses one feature as a response and the others as predictors to estimate a
Lasso model; this procedure is repeated for each feature. Estimators from De-biased
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Lasso asymptotically follow the multi-normal distribution Dezeure et al. (2016),
and using Bonferroni-Holm adjustment produces simultaneous p-values. Such
ideas together with the {,-convergence results for sparse multitask Lasso, will help

extend our analysis to the high dimensional setting.

3.2 Hypothesis Test for Multi-Site Regression

We first describe a simple setting where one seeks to apply standard linear regres-
sion to data pooled from multiple sites. For presentation purposes, we will deal
with variable selection issues later. Within this setup, we will introduce our main
result — a hypothesis test to evaluate statistical power improvements (e.g., mean
squared error) when running a regression model on a pooled dataset. We will see
that the proposed test is transparent to the use of adaptation algorithms, if any,
to pre-process the multi-site data. In later sections, we will present convergence
analysis and extensions to the large p setting. Matrices (vectors/scalars) are upper
case (and lower case). ||.||. is the nuclear norm.

We first introduce the single-site regression model. Let X € R**P and y € R™*!
denote the feature matrix of predictors and the response vector respectively. If 3
corresponds to the coefficient vector (i.e., predictor weights), then the regression
model is

1
in —|ly— XB|J3 3.1
min nHy Bll; (3.1)

where y = XB* + € and € ~ N(0, 0?) r.LD. if * is the true coefficient vector from
which y is generated. The mean-squared error (MSE) and {,-consistency of re-
gression is well-known. The mean-squared error (MSE) of (3.1) is E[| — p*|j3 =
F ((XTX)™!) 0. If k denotes the number of sites, then one may first apply a domain
adaptation scheme to account for the distributional shifts between the k different
predictors {Xi}]f:y and then run a regression model. If the underlying “concept”
(i.e., predictors and responses relationship) can be assumed to be the same across

the different sites, then it is reasonable to impose the same 3 for all sites. For instance,
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as discussed in Section 3.1, the influence of protein measurements on cognitive
scores of an individual is assumed to be invariant to demographics. Nonetheless, if
the distributional mismatch correction is imperfect, we may define Af; = f3; — 3*
where i € {1,..., k} as the residual difference between the site-specific coefficients
and the true shared coefficient vector (in the ideal case, we have Af3; = 0). In the

multi-site setting, we can write
k
min } iy — XiBl; (32)
i=1

where for each site i we have y; = X;B* + X;ABi + €; and €; ~ N(0,0?) rLD. Here,
T; is a weighting parameter for each site, if such information is available.

Our main goal is to test if the combined regression improves the estimation
for a single site. We can pose this question in terms of improvements in the mean
squared error (MSE). Hence, w.L.0.G. using site 1 as the reference, we have the
following reduced objective by setting 3; = 3* and t; = 1in (3.2),

k
min|[y; = XaB[F + > iy — XiBl3 (3.3)

i=2

Clearly, when the sample size is not large enough, the multi-site
formulation in (3.3) may reduce variance significantly, because
of the averaging effect in the objective function, while increasing
the bias by a little. This reduces the Mean Squared Error (MSE),

see Figure 3.1. Note that while traditionally, the unbiasedness
Figure 3.1: f3;

and f, are 1°*
- and 2"¢ site
be E|3 — B*||3. These ideas are nicely studied within papers coefficients.

devoted to the “bias-variance” trade-off. Similar to these results, After  combi-
nation, B1’s
bias increases

but variance
not meaningful here anyway — the key reason we want to pool reduces, result-

property was desirable, an extensive body of literature on ridge

regression suggests that the quantity of interest should really
we will focus on the mean squared error because the asymptotic
consistency properties that come with an unbiased estimator are

ing in a smaller
MSE.
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datasets in the first place is because of small sample sizes. We now
provide a result showing how the tuning parameters 1, ..., Tk

can be chosen.
Theorem 3.1. T; = T achieve the smallest variance in [3.
1

Remarks: This result follows from observing that the each site’s contribution is
inversely proportional to site-specific noise level, 0;. We will show that this choice

of ;s also leads to a simple mechanism to setup a hypothesis test.

Sharing all s

In the specification above, the estimates of 3; across all k sites are restricted to be
the same. Without this constraint, (3.3) is equivalent to fitting a regression separately
on each site. So, a natural question is whether this constraint improves estimation.
To evaluate whether MSE is reduced, we first need to quantify the change in the
bias and variance of (3.3) compared to (3.1). To do so, we introduce a few notations.
Let n; be the sample size of site 1, and let Bi denote the regression estimate from
a specific site i. We have AB; = i — 1. We define the length kp vector ART as
AR = (AB], ..., AB)) (similarly for ABT). We use £; to give the sample covariance

k=1)px(k=1)p ig the covariance

matrix of data (predictors) from the site i and G € R!
matrix of AB, where Gi; = (nZ;) ! + (ny?E) ! and Gy; = (n1£;) ! whenever
i,

Let the difference in bias and variance between the single site model in (3.1) and
the multi-site model in (3.3) be Biasg and Vary respectively. Let £k = 5 n;125,

and £¥ =n,%; + £k We have,
Lemma 3.2. For model (3.3), we have

[Biasg |13 SIN—2( 8k ([ § =18k | $k
1617282 < ED) (B (a2n) 25 4 25) || (3.4)

Varg = of ||(n ) 7' — (&, + £5)

(3.5)

°
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Remarks: The above result bounds the increase in bias and the reduction in variance
(see discussion of Figure 3.1). Since our goal is to test MSE reduction — in principle,
we can use bootstrapping to calculate MSE approximately. This procedure has a
significant computational footprint. Instead, (3.4) (which comes from a one-step
Cauchy-Schwartz), gives a sufficient condition for MSE reduction as shown below.

Theorem 3.3. a) Model (3.3) has smaller MSE of B than model (3.1) whenever

Ho: |G Y2AB|2 < o2 (3.6)

2
) , 67)
2

Remarks: This is our main test result. Although o; is typically unknown, it can

b) Further, we have the following test statistic,

2 G_l/ZAB
X(k—1)xp O_—l

where ||G~Y2AB /012 is called a “condition value”.

c12ap |

01

2

be easily replaced using its site-specific estimation. Theorem 3.3 implies that we
can conduct a non-central x? distribution test based on the statistic. Also, (3.6)
shows that the non-central x? distribution, which the test statistics will follow, has
a non-central parameter smaller than 1 when the sufficient condition Hy holds.
Meanwhile, in obtaining the (surprisingly simple) sufficient condition Hy, no other
arbitrary assumption is needed except the application of Cauchy-Schwartz. From
a practical perspective, Theorem 3.3 implies that the sites, in fact, do not even
need to share the whole dataset to assess whether pooling will be useful. Instead,
the test only requires very high-level information such as f;, £, o; and n; for all
participating sites — which can be transferred very cheaply with no additional cost
of data storage, or privacy implications. The following result deals with the special

case where we have two participating sites.

Corollary 3.4. For the case where we have two participating sites, the condition (3.6) from
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Theorem 3.3 reduces to
Ho: AR (1) '+ (nemats) 1) 'AR < of (3.8)

Remarks: The left side above relates to the Mahalanobis distance between (31, 3,
with covariance (n;51)~! + (nzTg)AZz)_l, implying that the test statistic is a type of a

normalized metric between the two regression models.

Sharing a subset of 3s

In numerous pooling scenarios, we are faced with certain systemic differences
in the way predictors and responses associate across sites. For example, socio-
economic status may (or may not) have a significant association with a health
outcome (response) depending on the country of the study (e.g., due to insurance
coverage policies). Unlike in Section 3.2, we now relax the restriction that all
coefficients are same across sites, see Figure 3.2. The model in (3.3) will now include
another design matrix of predictors Z € R™*9 and a corresponding coefficients y;

for each site 1,

K
min 3 flyc— XeB — Zevil (3.9)

! i=1
Yi = XiB "+ XiABi +Zyyi + e, 1 =1 (3.10)

Our goal is still to evaluate whether the MSE of 3 reduces. We do not take into

Figure 3.2: X and Z influence the response Y. After adjustment, X; and X, may be
close requiring same 3. However, Z; and Z, may differ a lot, and we need different

Y1 and v;.
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account the MSE change in y because they correspond to site-specific variables. For
estimating them, B can first be computed from (3.9). Treating it as fixed entity now,
1 can be computed using y; and Z; on each site independently. Clearly, if { is close
to the “true” 3*, it will also enable a better estimation of site-specific variables. It
turns out that, if £;s are replaced by the conditional covariance, the analysis from
Section 3.2 still holds for this case. Specifically, let £}, be the sample covariance

matrix between features a and b from some site i. We have,

Theorem 3.5. Analysis in Section 3.2 holds for (3 in (3.9) by replacing S with £; =
ixxl - ixzi(izzi)_lizxi

Remarks: The test now allows evaluating statistical power improvements focused on
the subset of the coefficient vector that is shared and permits site-specific confounds,
enabling much flexibility in practice. For example, we can test which subset of
parameters might benefit from parameter estimation on pooled data from multiple

sites.

3.3 Pooling in High Dimensional Regression

We now describe our analysis of pooling multi-site data in the high-dimensional
setting where p > n. The key challenge here is that variable section has to be a
tirst order concern. In classical regression, the £, consistency properties are well
known and so our focus in Section 3.2 was devoted entirely to deriving sufficient
conditions for the hypothesis test. In other words, imposing the same 3 across sites
works in (3.3) because we understand its consistency. In contrast, here, one cannot
enforce a shared 3 for all sites before the active set of predictors within each site are
selected — directly imposing the same {3 leads to a serious loss of {,-consistency,
making follow-up analysis problematic. Therefore, once a suitable model for high-
dimensional multi-site regression is chosen, the first requirement is to characterize
its consistency.

We start with the multi-task Lasso (a special case of group Lasso) Liu et al.

(2009), where the authors show that the strategy selects better explanatory features



43

compared to separately fitting Lasso on each site. But this algorithm underperforms
when the sparsity pattern of the predictors is not identical across sites, so we
use a recent variant called sparse multi-task Lasso Lee et al. (2010) — essentially
substituting “sites” for “tasks”. The sparse multi-site Lasso in p > n setting (p is
the number of predictors) is given as

K

B = arg mﬁiniz_lHyi — XiBi]|3 + AA(B) (3.11)

AB)=oa) (1Bl + (1 —c)VkD [B']2 (3.12)
j=1 j=1

where A is the Lasso regularization parameter. Here, B € R**P is a matrix where
the i*" row corresponds to the coefficients from i*" site (k sites in total). Also, B;
with subscript denotes the i*" row (site) of B, we use ' with superscript to give
the j-th column (coefficients) of B. The hyper-parameter o € [0, 1] balances the two
penalties; a larger « weighs the {; penalty more and a smaller « puts more weight
on the grouping. This will play an important role for the remainder of this section.
Similar to a Lasso-based regularization parameter, A here will produce a solution
path (to select coefficients) for a given «. We first address the consistency behavior
of the sparse multi-site Lasso in (3.11), which was not known in the literature.

{> consistency

Our analysis of (3.11) is related to known results for Lasso Meinshausen and Yu
(2009) and the group Lasso Liu and Zhang (2009). Recall that Xy, ..., Xy are the data
matrices from k sites. We define L = max*_;{n;} and C = i~ !brac(X{ X1, ..., X] X)
where p1aG(A, B) corresponds to constructing a block-diagonal matrix with A and
B as blocks on the diagonal. We require the following useful properties of C (||-||o

denotes {y-norm).

Definition 3.6. The m-sparse minimal and maximal eigenvalues of C, denoted by $min(m)
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and Gmax(m), are

, vICv vICv
min T and max T
viflvie<[m] V'V viflvije<[m] V'V

(3.13)

Let us call a feature “active” if its coefficient is non-zero. We know that each site
may have different active features: let sy, < kp be the sum of the number of active
features over all sites. Similarly, s,, is the cardinality of the union of features that
are active in at least one site (s, < ksp, sp < p). Recall that when « # 0, we add the
Lasso penalty to the multi-site Lasso penalty. Whenever the sparsity patterns are
assumed to be similar across all sites, « is small. On the other hand, to encourage
site-specific sparsity patterns, we may set o to be large. The following two technical
results analyze these cases independently.

Theorem 3.7. Let 0 < « < 0.4. Assume there exist constants 0 < Pmin < Pmax < 00
such that

. i 20\
11TILIL1£f Pmin (sp logn <1 +1o Za) > Z Pmin

K
lim sup Gmax(sp + min{Z ni, kp}) < Pmax-

n—oo i—1

(3.14)

Then, for A < o+/Tilog(kp), there exists a constant w > 0 such that, with probability
converging to 1 for n — oo,
slog(kp)

1 4
—|IB* = B*||2 € wo?——2"2, 3.15
LB = B} < w0 (315

where s = {(1 — «),/5, + ot/ sn/K}J, 0 is the noise level.

Remarks: The above result agrees with known results for multi-task Lasso Liu
et al. (2009); Liu and Zhang (2009) when the sparsity patterns are the same across
sites. The simplest way to interpret Theorem 3.7 is via the ratio r = z—: Here,
T = k when the sparsity patterns are the same across sites. As r decreases, the
sparsity patterns across sites start to differ, in turn, the sparse multi-site Lasso from

(3.11) will provide stronger consistency compared to the multi-site Lasso (which
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corresponds to o« = 0). In other words, whenever we expect site-specific active
features, the £, consistency of (3.11) will improve as one includes an additional
{;-penalty together with multi-site Lasso.

Observe that for the non-sparse ’, we can verify that ||37; and vk||37 ||, have
the same scale. On the other hand, for sparse p7, ||3’||; has the same scale as ||’ ||,
i.e., with no vk penalization. Unlike Theorem 3.7 where the sparsity patterns
across sites are similar, due to this scaling issue, the parameters « and A need to be
‘corrected’ for the setting where sparsity patterns have little overlap. We denote

this corrected versions by & = m and A = ((1 — «)vk + x)A.

Theorem 3.8. Let 0.4 < & < 1. Assume there exist constants 0 < Pmin < Pmax < 00

such that
. _ (1-&))°
lim inf Guin | Shlogn [ 1+ % Z Pmin

n—o0

. (3.16)

lim sup Gmax(sn + min{Z i, kp}) < Pmax-

Then, for A oc 0+/Tilog(kp), there exists w > 0 such that, with probability converging to
1 for n — oo, we have (3.15) with § ={(1 — &)+/sp/k + &/sn/k}?* instead of 5.

Remarks: This result agrees with known results for Lasso Meinshausen and Yu
(2009) when the sparsity patterns are completely different across sites. In this case
(i.e., « is large), the sparse multi-site Lasso has stronger consistency compared
to Lasso (¢« = 1). The sparse multi-site Lasso is preferable as r = z—; increases.
Note that although & and A are used for the technical results instead of « and A,
in practice, one can simply scale the chosen as appropriately. For instance, with
k = 100, we see that & ~ 0.99 corresponds to a & = 0.95. We do not penalize by
vk when the sparsity patterns across sites share few of the features. To see this,
first observe that when sparsity patterns are similar, most of the groups we have
are non-sparse, and the effects of v/k||p’ |2 and ||p’||; have the same scale. This is
simply because, \/E\/m is close to |ay| + ... + |ax| whenever |ay|, ..., |ay| are
close. However when sparsity patterns across sites share few features only, most of
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the groups are going to be sparse. For these groups, we should use |||, because
in this setting \/a2 + 0 + ... + 0 is close to |a;| + 0 + ... + 0.

Performing hypothesis tests. Theorems 3.7 and 3.8 show consistency of sparse
multi-site Lasso estimation. Hence, if the hyper-parameters « and A are known, we
can estimate the coefficients B*. This variable selection phase can be followed by a
hypothesis test, similar to Theorem 3.3 from Section 3.2. The only remaining issue
is the choice of @ and existing methods suggest a heuristic. They set it to 0.05 when
it is known that sparsity patterns are similar across sites and 0.95 otherwise Simon
et al. (2013). Joint cross-validation for « and A is shown to perform worse Simon
et al. (2013). Below, we instead provide a data-driven alternative that works well in

practice.

Choosing o using simultaneous inference. Our theoretical results in Thm. 3.7
(and Thm. 3.8 resp.) seem to suggest that increasing (and decreasing resp.) o
will always improve consistency; however, this ends up requiring much stronger
m-sparsity conditions. We now describe a procedure to choose «. First, recall that
an active feature corresponds to a variable with non-zero coefficient. We call a
feature (or predictor) “site-active” if it is active at a site, an “always-active” feature
is active at all k sites. The proposed solution involves three steps. (1) First, we
apply simultaneous inference (like multi sample-splitting or de-biased Lasso) using
all features at each of the k sites with FWER control. This step yields “site-active”
features for each site, and therefore, gives the set of always-active features and
the sparsity patterns. (2) Then, each site runs a Lasso and chooses a A; based on
cross-validation. We then set Apuisite to be the minimum among the best A’s from
each site. Using Apmuiti-site, We can vary « to fit various sparse multi-site Lasso models
— each run will select some number of always-active features. We plot « versus the
number of always-active features. (3) Finally, based on the sparsity patterns from
the site-active set, we can estimate whether the sparsity patterns across sites are
similar or different (i.e., share few active features). Then, based on the plot from
step (2), if the sparsity patterns from the site-active sets are different (similar) across
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sites, then the smallest (largest) value of « that selects the minimum (maximum)

number of always-active features is chosen.

3.4 Experiments

Our experiments are two-fold. First we perform simulations evaluating the hy-
pothesis test from Section 3.2 and the sparse multi-site Lasso from Section 3.3.
We then conduct an experiment to pool two Alzheimer’s disease (AD) datasets
coming from different ongoing studies to evaluate improvements in power, and
checking whether the proposed tests provide insights into the regimes when pool-
ing is beneficial for regression, thereby yielding tangible statistical benefits, in

neuroscience/neuroimaging research.

Power and Type I error of Theorem 3.3. The first set of simulations evaluate the
setting from Section 3.2 where the coefficients are same across two different sites.
The inputs for the two sites are set as X;, Xa(€ R™*3) ~ N(0, £) with £ = 0.5(1 + E)
(where I is identity and E is a 3 x 3 matrix of 1s). The true coefficients are given by
B1 ~U(0,4I) and 3, = B1 + 0.1 (where U(-) is multivariate uniform), and the noise
corresponds to €; ~ N(0, 3I) and e, ~ N(0, 0.5I) for the two sites respectively. With
this, the responses are set as y; = X;31 + €1 and y, = X3, + €. Using {X;,y;} and
{X2,y2}, the shared P are estimated. The simulation is repeated 100 times with 9
different sample sizes (n = 2" with b =4,...,12) for each repetition. Figure 3.3(a)
shows the MSE of two-site (blue bars) and a baseline single-site (red bars) model
computed using the corresponding f3s on first site. Although both MSEs decrease
as n increases, the two-sites model consistently produces smaller MSE — with large
gains for small sample sizes (left-end of Figure 3.3(a)). Figure 3.3(d) shows the
acceptance rates of our proposed hypothesis test (from (3.6) and (3.8)) with 0.05
significance level. The purple solid line is the sufficient condition from Theorem
3.3, while the dotted line is where the MSE of the baseline single-site model starts
to decrease below that of two-site model. The trend in Figure 3.3(d) implies that
as n increases, the test tends to reject pooling the multi-site data with power — 1.
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Further, the type I error is well-controlled to the left of the solid line, and is low
between the two lines.

Power and Type I error of Theorem 3.5. The second set of simulations evaluate
the confounding variables setup from Section 3.2. Similar to Section 3.4, here we
0.5I3x3 + 0.5E3x3, 0.2E345
0.2Esx3, 0.8I5x5 +0.2Es55 /|
B1 and B, are the same as earlier. v, = (1,1,2,2,2)" and v, = (2,2,2,1,1)" are the
coefficients for Z; and Z, respectively. The new responses y; and y, will have the

have (Xl, Zl), (XZ, Zz) ~ N(O, Z) withX = <

extra terms Z;y; and Z,y, respectively. Figure 3.3(b,e) shows the results. All the
observations from Figure 3.3(a,d) hold here as well. For small n, MSE of two-site
model is much smaller than baseline, and as sample size increases this difference
reduces. The test accepts with high probability for small n, and as sample size
increases it rejects with high power. The regimes of low type I error and high power

in Figure 3.3(e) are similar to those from Figure 3.3(d).

Sparse multi-sites Lasso {,-consistency

We now use 4 sites with n = 150 samples each and p = 400 features to test the
sparse multi-site model from Section 3.3. We set the design matrices X; 1 =1,...,4)
~N(0, X) with £ = 0.8, xp + 0.2E, «. The two cases where sparsity patterns are
shared, and not shared, are considered separately.

Few sparsity patterns shared. 6 shared features and 14 site-specific features (out
of the 400) are set to be active in 4 sites. Each of shared features is sampled from
U(0, 4) for first two sites and U(0, 0.5) for the rest. All the site-specific features are
~ U(0,4). The noise e; ~ N(0,1), and the responses are y; = X;3; + €;. Figure
3.3(c) shows the 10-fold cross validation error as A changes (i.e., solution path) for
different « settings, including the value from our proposed selection procedure
(from Section 3.3), Lasso (o« = 1), group Lasso (&« = 0) and arbitrary values o« = 0.05,
0.95 (as suggested by Simon et al. (2013)). Our chosen « = 0.97 (the blue curve
in Figure 3.3(c)) has smallest error, across all the As, thereby implying a better {,
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acceptance rate. These use 100 bootstrap repetitions. Solid line in (d,e) is when
the condition from Theorem 3.3 is 1. Dotted line is when MSE of single-site and
multi-site models are the same. (c) A solution path when sparsity patterns are
dissimilar across sites, (f) The alternate regime where sparsity patters are similar
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consistency. We show that o = 0.97 discovers more always-active features, while
preserving the ratio of correctly discovered active features to all the discovered
ones.

Most sparsity patterns shared. Unlike the earlier case, here we set 16 shared and
4 site-specific features (both ~ U(0,4)) to be active among all the 400 features. The
result, shown in Figure 3.3(f), is similar to Figure 3.3(c). The proposed choice of
o = 0.25 competes favorably with alternate choices while preserving the correctly
discovered number of always-active features. Unlike the previous case, the ratio of

correctly discovered active features to all discovered ones increases here.
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Figure 3.4: (a,c) MPE for the pooled regression model (green) compared to baselines
plotted against training subset size of ADNI. x-axis is number /fraction of ADNI
labeled samples used in training (apart from ADlocal). (b,d) show the acceptance

rates for (a,c). Unlike in (a), (c) restricts same training data size for ADNI and
ADlocal.

Combining AD datasets from multiple sites

We now evaluate whether two AD datasets acquired at different sites —a Alzheimer’s
Disease Neuroimage Initiative (ADNI) dataset and a local dataset (ADlocal) — can
be combined. The two datasets we use are — an open-source Alzheimer’s Disease
Neuroimage Initiative (ADNI) dataset, and a local dataset (ADlocal). ADNI is an
open consortium with the goal of understanding AD related cognitive decline, and
in the process, develop clinical interventions aimed at delaying the disease onset.
ADlocal corresponds to a recent (smaller) initiative local study for the AD related
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decline. We used 318 samples from ADNI and 156 samples from ADlocal. The
input variables are 8 Cerebrospinal fluid (CSF) protein levels, and the response is
hippocampus volume. The CSF proteins are “1-38-Tr", “1-40-Tr", “1-42-Tr", “NFL",
"AB42", “htau", “ptauis”, and “Neurogranin”. The two datasets have different age
and diagnosis distributions, and hence, we subsample 81 samples from either of sites
to control age and diagnosis variation. Using these 81 samples from each dataset,
we perform domain adaptation (using a maximum mean discrepancy objective as a
measure of distance between the two marginals) and transform CSF proteins from
ADlocal to match ADNI. The transformed data is then used to evaluate whether
adding ADlocal data to ADNI will improve the regression performed on the ADNI
data. This is done by training a regression model on the ‘transformed” ADlocal
and a subset of ADNI data, and then testing the resulting model on the remaining
ADNI samples. We use two baseline models each of which are trained using —
ADNI data alone; and non-transformed ADlocal (with ADNI subset).

Figure 3.4(a,b) show the resulting mean prediction error (MPE) scaled by the
estimated noise level in ADNI responses, and the corresponding acceptance rate
(with significance level 0.05) respectively. The x-axis in Figure 3.4(a,b) represents the
size of ADNI subset used for training. As expected, the MPE reduces as this subset
size increases. Most importantly, pooling after transformation (green bars) seems
to be the most beneficial in terms of MPE reduction. As shown in Figure 3.4(a),
to the left of purple line where the subset size is smaller than ADlocal datasize,
pooling the datasets improves estimation. This is the small sample size regime
which necessitates pooling efforts in general. As the dataset size increases (to the
right of x-axis in Figure 3.4(a)) the resulting MPE for the pooled model is close to
what we will achieve using the ADNI data by itself.

Since pooling after transformation is at least as good as using ADNI data alone,
our proposed hypothesis test accepts the combination with high rate (= 95%) as can
be seen from Figure 3.4(b). The test rejects the pooling strategy with high power for
combining before domain adaptation (see Figure 3.4(b)), as one would expect. This
rejection power increases rapidly as sample size increases as pointed out on the red
curve in Figure 3.4(b). The results in Figure 3.4(c,d) show the setting where one
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cannot change the dataset sizes at the sites i.e., the training set uses an equal number
of labeled samples from both the ADNI and ADlocal (x-axis in Figure 3.4(c)), and
the testing set always corresponds to 20% of ADNI data. This is a more interesting
scenario for a practitioner compared to Figure 3.4(a,b), because in Figure 3.4(c,d)
we use the same sample sizes for both datasets. The trends in Figure 3.4(c,d) are
the same as Figure 3.4(a,b).

Extra experiments on synthetic data

We present the hypothesis test simulation when p = 6 in Fig. 3.5, which is similar
to the simulations done in Fig. 3.3. However, here the dimension p of 3 is 6 instead
of 3.

Table 3.1: Add multi-sites Lasso on Lasso.

o 0 0.05 095 097 (our) 1
CDR 0.1423 0.1463 02747 02863  0.2955
CDV 78 78 75 75 73
CDG 5 5 3 3 1

Table 3.2: Add Lasso on multi-sites Lasso.

o4 0 0.05 0.25(our) 0.95 1
CDR 0.2292 0.2381  0.2453  0.2841 0.2885
CDhV 80 80 79 75 73
CDG 16 16 15 11 11

For sparse multi-Sites lasso simulation, we report correctly discovered number
of active variables (CDV), ratio of CDV and total number of discovered variables
(CDR), and correctly discovered number of always-active features (CDG).

From Table3.1 and Table 3.2 we see that our chosen o helps sparse multi-sites



53

- MSE

751 MSE B single site
w Single site w 1B two sites
A5.0- [ Two sites (25 [y, single site
= = yi two sites
B kS
B2.5- 25
825 S
(14 (4
@ g
] IS
> >
o o
2] I 0

4 12 4 5 6 9 10 11 12

7 8
Sample Size (log2 scale)

(a) (b)

1.00

6 7 8 9 10
Sample Size (log2 scale)

— ! //.\ !
1 1
0.75 ! I
o ! ©0.75 !
g v il | © |
% Sufficient{Condition ! S Wikl= % Sufficient Conditio Isame MSE
| 1 I
©0.50 | 20,50 I
8 8
o 1 o 1
8 [ 3 I
(8] (5]
20.25' g 0.25 1
1 1
1 1
1
0.00- : 0.00 :
4 6 7 8 9 10 12 4 6 7 8 9 10 12
Sample Size (log2 scale) Sample Size (log2 scale)
(©) (d)

Figure 3.5: The figure is similar to the simulations done in Figure 3.3. However,
here the dimension p of B is 6 instead of 3. (a,c) are MSE of {3 and the corresponding
acceptance rate of our hypothesis test (from Section2.1). (b,d) are MSE of B and
Y1 and the corresponding acceptance rate (from Section2.2). These are based on
100 bootstrap repetitions. The solid line in (c,d) represents the point where the
condition from Theorem 3.3 is equal to 1. The dotted line is when MSE of {3 is the
same for single-site and multi-site models.

Lasso to discover more or preserve always-active features. The number and rate
of correctly discovered number of active variables given by our chosen « are also
among the best.

We show an example for choosing « in Fig. 3.6. We here point out a caveat

about our choice of « when sparsity patterns share few features and always-active
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features exist. In this setting, we do want to discover more always-active features.
Hence, we decrease o from 1 and stop at the point where we just select one more

always-active feature.

3.5 Discussion

In this work, we present a hypothesis test to answer the question of whether pooling
multiple datasets acquired from different sites is guaranteed to increase statistical
power for regression models. For both low and high dimensional linear regression,
we precisely identify regimes where such pooling is sensible, and show how such
policy decisions can be made via simple checks executable on each site before any
data transfer ever happens. We also show empirical results by combining two
Alzheimer’s disease datasets in the context of different regimes proposed by our
analysis, and showing that the regression fit improves as suggested by the theory.

We show the hypothesis tests and theory on when pooling multi-source datasets
is beneficial. It the next Chapter, we study a different problem and consider that

data is spatio-temporal, limited and lie in high dimension.
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4  NON-PARAMETRIC SPARSE ADDITIVE AUTO-REGRESSIVE
NETWORK MODELS AND THEORETICAL ANALYSIS FOR

SPATIO-TEMPORAL DATA

41 Introduction

In this Chapter, we consider data is spatio-temporal Jlimited and lie in high di-
mension. We derive a non-parametric sparse additive auto-regressive network
model and study it’s theoretical behavior. Multi-variate time series data arise in a
number of settings including neuroscience (Brown et al. (2004); Ding et al. (2011)),
finance (Rydberg and Shephard (1999)), social networks (Chavez-Demoulin and
McGill (2012); Ait-Sahalia et al. (2010); Zhou et al. (2013)) and others (Heinen (2003);
Matteson et al. (2011); Ogata (1999)). A fundamental question associated with
multi-variate time series data is to quantify influence between different players or
nodes in the network (e.g. how do firing events in one region of the brain trigger
another, how does a change in stock price for one company influence others, e.t.c).
To address such a question requires estimation of an influence network between the d
players or nodes. Two challenges that arise in estimating such an influence network
are (i) developing a suitable network model; and (ii) providing theoretical guaran-
tees for estimating such a network model when the number of nodes d is large.

Prior approaches for addressing these challenges involve parametric approaches
(Fokianos and Tjostheim (2011); Fokianos et al. (2009); Hall et al. (2016)). In particu-
lar, Hall et al. (2016) use a generalized linear model framework for estimating the
high-dimensional influence network. More concretely, consider samples (X;){_,
where X; € R¢ for every t which could represent continuous data, count data,
binary data or others. We define p(.) to be an exponential family probability distri-
bution, which includes, for example, the Gaussian, Poisson, Bernoulli and others
to handle different data types. Specifically, x ~ p(6) means that the distribution of
the scalar x is associated with the density p(x|6) = h(x)expl[@(x)0 — Z(0)], where
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Z(0) is the so-called log partition function, ¢(x) is the sufficient statistic of the data,
and h(x) is the base measure of the distribution. For the prior parametric approach
in Hall et al. (2016), the j*™ time series observation of X has the following model:

a
Xy, Xe ~p (VJ‘ + Z A;kxt,k> ’

k=1

where A* € R4*4 is the network parameter of interest. Theoretical guarantees for
estimating A* are provided in Hall et al. (2016). One of the limitations of para-
metric models is that they do not capture non-linear effects such as saturation.
Non-parametric approaches are more flexible and apply to broader network model
classes but suffer severely from the curse of dimensionality (see e.g. Stone (1985)).

To overcome the curse of dimensionality, the sparse additive models (SpAM)
framework was developed (see e.g. Koltchinskii and Yuan (2010); Meier et al. (2009);
Raskutti et al. (2012); Ravikumar et al. (2010)). Prior approaches based on the
SpAM framework have been applied in the regression setting. In this Chapter,
we consider samples generated from a non-parametric sparse additive auto-regressive
model, generated by the generalized linear model (GLM),

d
Xt+1,j’Xt ~P (Vj + Z f;k(xt,k)> ’ (4.1)
k=1
where f}, is an unknown function belonging to a reproducing kernel Hilbert space

I x. The goal is to estimate the d? functions (f;(,k)lgjlkgd.

Prior theoretical guarantees for sparse additive models have focused on the
setting where samples are independent. In this Chapter, we analyze the convex
penalized sparse and smooth estimator developed and analyzed in Koltchinskii and
Yuan (2010); Raskutti et al. (2012) under the dependent Markov chain model (4.1).
To provide theoretical guarantees, we assume the Markov chain “mixes” using

concepts of  and ¢p-mixing of Markov chains. In particular, in contrast to the para-
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metric setting, our mean-squared error is a function of 3 or ¢ mixing co-efficients,

and the smoothness of the RKHS function class. We also support our theoretical

guarantees with simulations and show through simulations and a performance

analysis on real data the potential advantages of using our non-parametric ap-

proach.

Our contributions. As far as we are aware, we are the first to provide a theoretical

analysis of high-dimensional non-parametric auto-regressive network models. In

particular, we make the following contributions.

i)

ii)

We provide a scalable non-parametric framework using technologies in sparse
additive models for high-dimensional time series models that capture non-
linear, non-parametric framework. This provides extensions to prior work on

high-dimensional parametric models by exploiting RKHSs.

In Section 4.4, we provide the most substantial contribution which is an upper
bound on mean-squared error that applies in the high-dimensional setting.
Our rates depend on the sparsity of the function, smoothness of each univariate

function, and mixing co-efficients. In particular, our mean-squared error upper

max(slogd méz)
ymT VT ™)

up to logarithm factors, where s is the maximum degree of a given node, d is the

bound scales as:

number of nodes of the network, T is the number of time points. Here &, refers
to the univariate rate for estimating a single function in RKHS with m samples
(see e.g. Raskutti et al. (2012)) and 1 < m < T refers to the number of blocks
needed depending on the 3 and ¢-mixing co-efficients. If the dependence is
weak and m = O(T), our mean-squared error bounds are optimal up to log
factors as compared to prior work on independent models Raskutti et al. (2012)
while if dependence is strong m = O(1), we obtain the slower rate (up to log
factors) of \Lﬁ that is optimal under no dependence assumptions.



58

iii) We also develop a general proof technique for addressing high-dimensional
time series models. Prior proof techniques in Hall et al. (2016) rely heavily
on parametric assumptions and constraints on the parameters which allow
us to use martingale concentration bounds. This proof technique explicitly
exploits mixing co-efficients which relies on the well-known “blocking” tech-
nique for sequences of dependent random variables (see e.g. Mohri and Ros-
tamizadeh (2010); Nobel and Dembo (1993)), which does not require parametric
assumptions. In the process of the proof, we also develop upper bounds on
Rademacher complexities for RKHSs and other empirical processes under
mixing assumptions rather than traditional independence assumptions as

discussed in Section 4.5.

iv) In Section 4.6, we demonstrate through both a simulation study and real
data example the flexibility and potential benefit of using the non-parametric
approach. In particular we show improved prediction error performance on
higher-order polynomials applied to a Chicago crime dataset.

The remainder of this Chapter is organized as follows: In Section 4.2, we intro-
duce the preliminaries for RKHSs, and beta-mixing of Markov chains. In Section 4.3,
we present the non-parametric multi-variate auto-regressive network model and
the sparse and smooth estimation scheme. In Section 4.4, we present the main
theoretical results and focus on specific cases of finite-rank kernels and Sobolev
spaces. In Section 4.5, we provide the main steps of the proof, deferring the more
technical steps to the appendix and in Section 4.6, we provide a simulation study
that supports our theoretical guarantees and a performance analysis on Chicago

crime data.

4,2 Preliminaries

In this section, we introduce the basic concepts of RKHSs and standard definitions
of 3 and ¢ mixing for stationary processes.
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Reproducing Kernel Hilbert Spaces

First we introduce the basics of RKHSs and smoothness assumptions. Given a
subset X C R and a probability measure Q on X, we consider a Hilbert space
H C £?(Q), meaning a family of functions g : X — R, with ||g||z2(q) < oo, and
an associated inner product (-, -)5 under which I is complete. The space J is
a reproducing kernel Hilbert space (RKHS) if there exists a symmetric function
X : X x X = Ry such that: (a) for each x € X, the function X(x, -) belongs to the
Hilbert space I, and (b) we have the reproducing relation g(x) = (g(-), X(x, -)) ¢
for all g € H. This function X is the so-called kernel function, which under suitable
regularity conditions, has an eigen-expansion of the form

K(x,x') =) m®@:i(x)®i(x)
i=1

guaranteed by Mercer’s theorem Mercer (1909), where u; > pu, > puz > ... > 0
are a non-negative sequence of eigenvalues, and {®;};°, are the associated eigen-
functions, taken to be orthonormal in £2(Q). As has already been established (see
e.g. Aronszajn (1950); Koltchinskii and Yuan (2010); Meier et al. (2009); Raskutti
et al. (2012); Smola and Scholkopf (1998); Wahba (1990)), these eigenvalues play
a crucial role in our analysis, since they ultimately determine the univariate rate

€m, €m (to be specified later) for estimating a single function in RKHS.

Since the eigenfunctions {®;}{° ; form an orthonormal basis, any function g € 7
has an expansion of the form g(x) = Y {7, a;®i(x), where a; = (g, ®i)s2(q) =
fx g(x)®@;i(x)dQ(x) are (generalized) Fourier coefficients. For any two functions in
H, say g(x) = Y oo, ai®i(x) and f(x) = > 7, bi®@;(x), we can define two distinct
inner products. The first is the usual inner product in the space £2(Q)-namely,

(9,f) c2(0) = fx g(x)f(x)dQ(x). By Parseval’s theorem, it has an equivalent repre-
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sentation in terms of the expansion coefficients, namely

00
2(Q) = Z aibi-
i=1

The second inner product, denoted (g, f) 4, is the one that defines the Hilbert space
which can be written in terms of the kernel eigenvalues and generalized Fourier

coefficients as

(g, M3 = Y S

o M

For more background on reproducing kernel Hilbert spaces, we refer the reader to
various standard references Aronszajn (1950); Saitoh (1988); Smola and Scholkopf
(1998); Wahba (1990); Weinert (1982).

Furthermore, for a subset S; € {1,2,.., d}, let fj := Zkesj fjx(xx), where x, € X
and fjx € X x is the RKHS that f; i lies in. Hence we define the norm

5156 s,y = D Ifixll3e;

keS;

where || - [|5;, denotes the norm on the univariate Hilbert space H; .

Mixing
Now we introduce standard definitions for dependent observations based on mixing
theory Doukhan (1994) for stationary processes.

Definition 4.1. A sequence of random variables Z = {Z}3° , is said to be stationary if
for any ty and non-negative integers t; and t,, the random vectors (Zy,, ..., Ly, 4+,) and
(Ztgttys -or Lig+t,+1,) have the same distribution.

Thus the index t or time, does not affect the distribution of a variable Z, in a
stationary sequence. This does not imply independence however and we capture
the dependence through mixing conditions. The following is a standard definition
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giving a measure of the dependence of the random variables Z; within a stationary
sequence. There are several equivalent definitions of these quantities, we are
adopting here a version convenient for our analysis, as in Mohri and Rostamizadeh
(2010); Yu (1994).

Definition 4.2. Let Z = {Z}{°, be a stationary sequence of random variables. For
any i1,1, € Z U {0, oo}, let GE denote the o-algebra generated by the random variables
Zy, 11 < t < iy Then, for any positive integer {, the 3-mixing and d-mixing coefficients of
the stochastic process Z are defined as

B(¢) =supEpcoyl sup [PIA[B] —PIA]]],

AGGﬁrz

¢(t)=  sup  [PIA[B] —PIA]l.

t,AE Uﬁ_[,BGGS

Z is said to be -mixing (b-mixing) if (£) — 0 (resp. $(€) — 0) as £ — oo. Furthermore
Z is said to be algebraically 3-mixing (algebraically $-mixing) if there exist real numbers
Bo > 0 (resp. ¢o > 0) and v > 0 such that 3(€) < Bo/L" (resp. d(€) < /L) for all L.

Both 3(¢) and ¢({) measure the dependence of an event on those that occurred
more than { units of time in the past. 3-mixing is a weaker assumption than ¢-

mixing and thus includes more general non-i.i.d. processes.

4.3 Model and Estimator

In this section, we introduce the sparse additive auto-regressive network model

and the sparse and smooth regularized schemes that we implement and analyze.
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Sparse additive auto-regressive network model

From Equation (4.1) in Section 4.1, we can state the conditional distribution explicitly

as:

d
P(XeaalXe) = [ [h(Xes15)exple (Xeir5) 65 — Z(85)},

j=1

d
0 =vi+ ) 1 (Xex),

k=1

where i\ is an unknown function belonging to a RKHS 7, v € Vinin, Vimax) ¢
are known constant offset parameters. Recall that Z(-) refers to the log-partition
function and ¢(-) refers to the sufficient statistic. This model has the Markov and
conditional independence properties, that is, conditioning on the previous data
at time point t — 1, the elements of X; are independent of one another and X, are
independent with data before time t — 1. We note that while we assume that v is a
known constant vector, if we assume there is some unknown constant offset that
we would like to estimate, we can fold it into the estimation of f* via appending a

constant 1 column in X;.

We assume that the data we observe is (X;){_, and our goal is to estimate f*,
which is constructed element-wise by f;,. However, in our setting where d may be
large, the sample size T may not be sufficient even under the additivity assumption
and we need further structural assumptions. Hence we assume that the network
function f* is sparse which does not have too many non-zero functions. To be

precise, we define the sparse supports (S1, Sz, ..., Sq) as:

S;c{1L,2,..,d}foranyj=1,2,..d.

We consider network function f* is only non-zero on supports {S;}{;, which means

f* e }C(S) = {fj,k € j‘fj,k|f)’,k =0 for any k g S)}
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The support S; is the set of nodes that influence node j and s; = [S;] refers to the
in-degree of node j. In this Chapter we assume that the function matrix f* is s-
sparse, meaning that f* belongs to 3{(S) where |S| = Z)-dzl IS;| <'s. From a network

perspective, s represents the total number of edges in the network.

Sparse and smooth estimator

The estimator that we analyze in this Chapter is the standard sparse and smooth esti-
mator developed in Koltchinskii and Yuan (2010); Raskutti et al. (2012), for eachnode
j. To simplify notation and without loss of generality, in later statements we assume
I x refers to the same RKHS J, and define J(; = {f;|f; = Z{j:l fjx, for any fjx €
JH} which corresponds to the additive function class for each node j. Further we
define the empirical norm ||fj || == + S, f} . (Xy,x). For any function of the form
f; = Zgzl f; x, the (L*(P),1) and (¥, 1)-norms are given by

d d
1501 =D Ifixllr, and [fllacs = D Ifjxllac
k=1 k=1

respectively. Using this notation, we estimate f; via a regularized maximum like-
lihood estimator (RMLE) by solving the following optimization problem, for any
jell, 2., dk

A

fy = arg min Ly (f;) + Ar[[f;[lr,0 + Aullfjllsc1, (4.2)
)

)

where L (f;) is defined as

1

T
T Z (Z(v; +15(Xe)) — (v + (X)) @(Xig1,5)) -

t=0

Here (A1,An) is a pair of positive regularization parameters whose choice will
be specified by our theory. An attractive feature of this optimization problem is
that, as a straightforward consequence of the representer theorem Kimeldorf and
Wahba (1971); Smola and Scholkopf (1998), it can be reduced to an equivalent

convex program in RT x RY. In particular, for each (j, k) € {1,2,..,d}, let X
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denote the kernel function associated with RKHS H where fj x belongs to. We
define the collection of empirical kernel matrices KI'* € RT*T with entries Kl’llftz =
K (X1, Xip k). As discussed in Koltchinskii and Yuan (2010); Raskutti et al. (2012),
by the representer theorem, any solution f; to the variational problem can be

expressed in terms of a linear expansion of the kernel matrices,

-
Z kt:K Zk/Xt K)

1t=1

o
M=

~
I

for a collection of weights {&;x € R" (j, k) € {1,2,..,d}*}. The optimal weights are

obtained by solving the convex problem

6(] (OC] 1s- & d)

1T
= min —TZ —0; (P(Xt+1)))

oc €RrT 2
ik t—

d
+ATZ Tnkaw,knaﬂH Y o Ko,
k=1 k=1

d
where G]J.K =vj + Z Kj’kocj,k.
k=1
This problem is a second-order cone program (SOCP), and there are various algo-
rithms for solving it to arbitrary accuracy in polynomial time of (T, d), among them
interior point methods (e.g., see the book Boyd and Vandenberghe (2004)).

Other more computationally tractable approaches for estimating sparse additive
models have been developed in Meier et al. (2009); Ravikumar et al. (2010) and in
our experiments section we use the package “SAM” based on the algorithm devel-
oped in Ravikumar et al. (2010). However from a theoretical perspective the sparse
and smooth SOCP defined above has benefits since it is the only estimator with

provably minimax optimal rates in the case of independent design (see e.g. Raskutti
et al. (2012)).
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4.4 Main Results

In this section, we provide the main general theoretical results. In particular, we

derive upper bounds on the mean-squared error

:
If— 3 = Z (X¢) — F(X))?

i

under the assumption that the true network is s-sparse. The mean-squared error is
the difference in empirical £,(Py) norm between the regularized maximum likeli-
hood estimator, f, and the true generating network, f*.

First we incorporate the smoothness of the RKHS . We refer to €., as the
univariate rate, which depends on the eigenvalues of the RKHS. That €, is defined
as the minimal value of o, such that

o0
Y min(y;, 0%) < 0
i=1

where {1;}{° ; are the eigenvalues in Mercer’s decomposition of the kernel related
to the univariate RKHS (see Mercer (1909)). In this Chapter, we define &, as the
univariate rate in a slightly modified formula, which is the minimal value of o, such
that there exists a My > 1 satisfying

M,

log(dT){3108 M,dT) me i, 02)

+ \/; i min(p, 02)} < o2

Mo+1

Remark. Note that since the left side of the inequality for &, is always larger than it
for e€,,, the definitions of €,, and €,, tell us that €,, < &,,. Furthermore €., is of
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order O(e, log(dT)?) for finite rank kernel and kernel with decay rate i 2*. See
Subsection 4.4 for more details. The modified definition &,,, allows us to extend the
error bounds on ||f —f*||3 to the dependent case at the price of additional log factors.
The log(dT) term is an artifact of the analysis and is required because samples are
dependent, the M, term is needed because non-parametric functions can have
infinite basis in RKHS and we require finite M, to apply Martingale concentration

inequality.

Assumptions

We first state the assumptions in this subsection and then present our main results
in the next subsection. Without loss of generality (by re-centering the functions as

needed), we assume that
E[fj/k(xt,j)] = J fj/k(X) d]P(X) =0 forall fj/k c j‘fj/k, all t.
x

Besides, for each (j, k) € {1, ..., d}*, we make the minor technical assumptions:
e For any fj,k - g‘C, ||f]’k||j{ < 1 and ||fj,k||oo < 1.

¢ For any X, the associated eigenfunctions in Mercerat.™s decomposition
{®@i}2, satisfy sup, |®i(x)| < 1foreachi=1,..,0c0.

The first condition is mild and also assumed in Raskutti et al. (2012). The second
condition is satisfied by the bounded basis, for example, the Fourier basis. We
proceed to the main assumptions by denoting sn.« = max; s; as the maximum
in-degree of the network and denoting 3(,, = } '~ ; as the trace of the RKHS .

Assumption 1 (Bounded Noise). Let wy; = %(cp(XtH,j )—Z'(v;+15 (X)), we assume
that Elw;] = 0 and with high probability wy; € [—log(dT),log(dT)], for any j €
{1,2,..,d,t=1,2,..T.

Remark. It can be checked that for (1) Gaussian link function with bounded noise
or (2) Bernoulli link function, wy; = O(1) with probability 1. For other generalized
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linear model cases, such as (1) Gaussian link function with Gaussian noise or (2)
Poisson link function under the assumption f;, < 0 for any (j, k), we have that
w51 < Clog(dT) with probability at least 1 — exp(—clog(dT)) for some constants
C and c (see the proof of Lemma 1 in Hall et al. (2016)).

Assumption 2 (Strong Convexity). For any x,y in an interval (Vimin — @, Vimax + @),
Ax —yl> < [Z(x) = Z(y) — Z'(y) (x — y).

Remark. For the Gaussian link function, a = oo and ¥ = 1. For Bernoulli link
function, a = (16\/9{_u +1)Smax and & = (e(maX(VmX’_"mi“H(16\/9{_““)5“‘“) +3)~!. For
Poisson link function, a = (16\/9LC_LL + 1)Smax and & = eVmin—(16y/FCit Dsmax yyhere
recall that sy is the maximum in-degree of the network.

Assumption 3 (Mixing). The sequence (X){2, defined by the model (4.1) is a stationary
sequence satisfying one of the following mixing conditions:

(a) B-mixing with rg > 1.
(b) ¢-mixing with vy, > 0.781.

We can show a tighter bound when 14 < 2 using the concentration inequality
from Kontorovich et al. (2008). The condition 14 > 0.781 arises from the technical
condition in which (ry + 2) x (2ry, — 1) > 214 (see the Proof of Lemma A.26).
Numerous results in the statistical machine learning literature rely on knowledge of
the 3-mixing coefficient Mcdonald et al. (2011); Vidyasagar (2002). Many common
time series models are known to be 3-mixing, and the rates of decay are known
given the true parameters of the process, for example, ARMA models, GARCH
models, and certain Markov processes Mokkadem (1988); Carrasco and Chen (2002);
Doukhan (1994). The ¢p-mixing condition is stronger but as we observe later allows

a sharper mean-squared error bound.

Assumption 4 (Fourth Moment Assumption). E[g*(x)] < CE[g?(x)] for some constant
C, forall g € Fj := Ujs; =, H;(S;), for any j € {1,2, .., d} where the expectation is taken
over Q.
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Note that Assumption 4 is a technical assumption also required in Raskutti et al.
(2012) and is satisfied under mild dependence across the covariates.

Main Theorem

Before we state the main result, we discuss the choice of tuning parameters At and

AH-
Optimal tuning parameters. Define vy,, = ¢ max (em, @) , where ¢; >

0is a sufficiently large constant, independent of T, s and d, and my?, = Q(—1log(ym))
and my?2, — 0o as m — 00. Y = max(ym, &m). The parameter m is a function of
T and is defined in Thm. 4.3 and Thm. 4.4. Then we have the following optimal

choices of tuning parameters:

At > sﬁ,/%m,m > 82 ”%v%n,

pr =00 Bt =01 B2

Clearly it is possible to choose larger values of At and Ay at the expense of slower

rates.

Theorem 4.3. Under Assumptions 1, 2, 3 (a), and 4. Then there exists a constant C such
that for each 1 <j < d,

A s; (log(dT m_
I - 5l < o5t (BT 4 e ), 43

with probability at least

. ) (L) forp iy
1—5 - (czexp(—Cg,mym) + T \ < >, where m = T “'  for B-mixing when
Tg = 1/co, and c, and c3 are constants. The parameter ¢ can be any number between 0
and 1.

* Note that the term &2 accounts for the smoothness of the function class, 9
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accounts for the smoothness of the GLM loss, and m denotes the degree of
dependence in terms of the number of blocks in T samples.

¢ In the very weakly dependent case rg — oo and m = O(T), we recover the
standard rates for sparse additive models S"IOng + s;€% (see e.g. Raskutti et al.
(2012)) up to logarithm factors. In the highly dependent case m = O(1),
we end up with a rate proportional to % (up to log factors in terms of T
only) which is consistent with the rates for the lasso under no independence

assumptions.

e Note that we have provided rates on the difference of functions f; — f; for
each 1 < j < d. To obtain rates for the whole network function f— £, we
simply add up the errors and note that s = Z]d 155

¢ To compare to upper bounds in the parametric case in Hall et al. (2016), if
m = O(T) and &, = O(#), we obtain the same rates. Note however that
in Hall et al. (2016) we require strict assumptions on the network parameter
instead of the mixing conditions we impose here.

1—cpy

* A larger ¢ leads to a larger m and a lower probability from the term T < .

When 1y, > 2, Theorem 4.3 on (3-mixing directly implies the results for ¢-mixing.
When 0.781 <
inequality from Kontorovich et al. (2008).

T < 2, we can present a tighter result using the concentration

Theorem 4.4. Under same assumptions as in Thm. 4.3, if we assume ¢-mixing when
0.781 < vy, < 2, then there exists a constant C such that for each 1 <j < d,

N s; (log(dT m_
I - 5 < o5 (BT 4 [T, @

o
with probability at least 1 — + — coexp(—cz(my?3,)?), where m = T2 for G-mixing
when 0.781 < vy, < 2, ¢ and c3 are constants.
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T4 —1

o T
Note that m = T"¢*? is strictly larger than m =T "¢ for vy, < 2 which is why
Theorem 4.4 is a sharper result.

Examples

We now focus on two specific classes of functions, finite-rank kernels and infinite-
rank kernels with polynomial decaying eigenvalues. First, we discuss finite (£)
rank operators, meaning that the kernel function can be expanded in terms of &
eigenfunctions. This class includes linear functions, polynomial functions, as well

as any function class where functions have finite basis expansions.
Lemma 4.5. For a univariate kernel with finite rank &, €,, = O (1 / n% logz(idT)).

Using Lemma 4.5 and €., calculated from Raskutti et al. (2012) gives us the
following result. Note that for T = O(m), we end up with the usual parametric

rate.

Corollary 4.6. Under the same conditions as Theorem 4.3, consider a univariate kernel
with finite rank &. Then there exists a constant C such that for each 1 <j < d,

~ . S; &
I — f511F < C

9 mT

log*(£dT), (4.5)

with probability at least
— corﬁfl

1—c
1—3- (c2exp(—C3(£ +logd)) + T<°°O>), wherem =T “'¢ for B-mixing when
Tg = 1/co, c2 and c3 are constants.

Next, we present a result for the RKHS with infinitely many eigenvalues, but
whose eigenvalues decay at a rate p1, = (1/()?* for some parameter « > 1/2. Among
other examples, this includes Sobolev spaces, say consisting of functions with o
derivatives (e.g., Birman and Solomyak (1967); Gu (2013)).

Lemma 4.7. For a univariate kernel with eigenvalue decay w, = (1/0)** for some o > 1/2,

2
~ log?(dT) ) 2o+1
we have that €, = O <<T> )
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Corollary 4.8. Under the same conditions as Theorem 4.3, consider a univariate kernel
with eigenvalue decay w, = (1/0)** for some o > 1/2. Then there exists a constant C such
that for each 1 <j < d,

ilonggﬁ (dT)

192 201

If; — 5117 <
mazet1 T

(4.6)

corp—1

1—c
with probability at least 1— 1 —T <4(f>, wherem =T <'¢ for B-mixing whenrg > 1/cy.

Note that if m = O(T), we obtain the rate O <sz_2c2ﬁ) up to log factors which

is optimal in the independent case.

4.5 Proof for the Main Result (Theorem 4.3)

At a high level, the proof for Theorem 4.3 follows similar steps to the proof of
Theorem 1 in Raskutti et al. (2012). However a number of additional challenges
arise when dealing with dependent data. The key challenge in the proof is that the
traditional results for Rademacher complexities of RKHSs and empirical processes
typically assume independence. These problems are addressed by Theorems 4.9
and 4.10 to follow which provide upper bounds for dependent empirical pro-
cesses. Also note that previous techniques in Hall et al. (2016) are not applicable
here because they require parametric assumptions which are amenable to analysis
for high-dimensional parametric problems. In particular for the proof of Theo-
rem 4.10, the common symmetrization technique fails to reduce the difference
between expectations in L*(Pr) and L?(PP) to Rademacher complexity and martin-
gale concentration inequality fails because of the non-linear transformation on the
design matrix. Hence we use mixing assumptions to address both of these issues.
Unlike previous works using mixing that only guarantee central limit theory, we
quantify the convergence rate which then enables us to derive the upper bound on

mean-squared error with high probability in the high-dimension setting.



72

Establishing the basic inequality

Our goal is to estimate the accuracy of f;(-) for every integer j with 1 < j <
d. We denote the expected £,(P) norm of a function g as ||g||5 = E||g||+ where
the expectation is taken over the distribution of (X;){_,. We begin the proof by
establishing a basic inequality on the error function A;(.) = 13)- (.) —f7(.). Since 1?]- (.)

and f are, respectively, optimal and feasible for (4.2), we are guaranteed that

I—l(?j(xt)) + 7\T||1?j 1+ 7\H||1?j 1
< L1(f§“(Xt)) + )\THf;k”T,l + 7\H||f;'k||H,1-

Using our definition wy; = 3(¢(X¢11,5) — Elo(Xei1,5)Xd) = (0 (Xega5) — Z7(vs +
5)1

f3 (X¢))) and recall that L;(f;) is defined as

]
o= 3 (204 HX0) — (4 + X)) 0 (Xeiy))
t=0

that inequality is the same as

.

iTZ (v; + £5(X0)) — £5(X ) (Z' (v + 15 (X)) + 2wy 5))
+ At ||f 2+ Al

<57 Z (V) + (X)) = £ (X (Z' (5 + 5 (X)) + 2wy, )

t=1

+ A1l 0+ Anllf5 1
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Let Bz(-[-) denote the Bregman divergence induced by the strictly convex function
Z, some simple algebra yields that

.
D Bz vy +f(X0)lvy + 5 (X))
= 4.7)

.
Z (Xe)we; + A1l Ajllr1 + Aull A1

1
2T

| —

T

which we refer to as our basic inequality (see e.g. Geer (2000) for more details on
the basic inequality).

Controlling the noise term

Let Aj (1) = ﬂ-,k(-) — f;k(') forany k =1,2, ..., d. Next, we provide control for the
right-hand side of inequality (4.7) by bounding the Rademacher complexity for
the univariate functions in terms of their L?(P1) and H norms. We point out that
tools required for such control are not well-established in the dependent case which
means that we first establish the Rademacher complexity result (Theorem 4.9) and
the uniform convergence rate for averages in the empirical process (Theorem 4.10)
for the dependent case (results for the independent case are provided as Lemma 7
in Raskutti et al. (2012)).

Theorem 4.9 (Rademacher complexity). Under Assumption 1, define the event

Am,T - {V(J/k) € {1/ 2/ 4 d}z’ Vo > ém’

<)

sup
15l <L f5 ll2< 0

Then P(Ap 1) >1— 1.

—

Remark. We have a correction term ,/% for m < T, in order to connect our

Rademacher complexity result with mixing conditions. In the independent case,
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m = T which has been proven in prior work.

Theorem 4.10. Define the event

Bm,T -
v (4.8)
{SUP sup 5l — [1F5ll2l < Tm
Jk fie€Bu (1) Ifjxll2<ym

corg—1 —1

wherem =T <% for -mixing withrg > 1/co. Then P(By 1) > 1—coexp(—camy?)—
1—c

T7< =) for some constants c, and c3. Moreover, on the event B, 1, for any g € Bg(1)

with ||gll2 = Ym,

< < — . 49
2 \HQHT\ZHQ”Z ( )

The proofs for Theorems 4.9 and 4.10 are provided in the appendix. Using
Theorems 4.9 and 4.10, we are able to provide an upper bound on the noise term

T Zt 145 (X¢)wy 5 in (4.7). In particular, recalling that ¥,, = ¢; max {em, Em, -

we have the following lemma.

Lemma 4.11. Given ¥, = max(Ym, &m), on the event A, v N By, 1, we have:

:
Z e(Xe)weg < 4v2 \/ Fllfc 17+ 72l 5l 5¢) (4.10)

i

for any £ € K, forall (j, k) €{1,2,...,d}~

Exploiting decomposability

The reminder of our analysis involves conditioning on the event A,,t N By, 1.

Recalling the basic inequality (4.7) and using Lemma 4.11, on the event A, t N By, 1

log(dT)

b
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defined in Theorems 4.9 and 4.10, we have:

.
1 o
T Z Bz(v; + 5 (Xo)llvy + 5 (Xt))

t=1

<4V2 vaA IR +4\/_\/ 2 1A ¢

+ Al As 170 4+ Al Al a1

Recalling that S; denotes the true support of the unknown function f;, we define
Ajs; == ) xes, Djx, with a similar definition for Ajsc. We have that ||Aj|lv1 =
14, []T1 + ||A)-,Sjc ||t with a similar decomposition for ||A;|[s¢1. We are able to
show that conditioned on event A, t N By, 1, the quantities ||A;||5¢1 and ||A;]|+1 are
not significantly larger than the corresponding norms as applied to the function
Aj s;. First, notice that we can obtain a sharper inequality in the process of getting

our basic inequality (4.7), that is,
10
o7 Z Bz (v; + (X llvy + 15 (X))

.
1 i i}
TZ (Xe)we; + A ([ [l — 15 + Ajllrq)
+ An ([ lscr — 1] + Ajllaca)-

Using Lemma 4.11 and the fact that Bregman divergence is non-negative, on event

Am,1 N B 1 We obtain

0 <4V2 YmHA ra + AT T — 15 + Ajllra)

+4v2 T’mHA a1 + An ] Iz — 15 + Ajllc)-
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Recall our choice At > 8v/2, /Y m, An = 8v/2, /2¥7,, that yields
At . .
0 <7||Aj 1+ AU T — 1] + Ajlla)
An . .
+7HA;‘ oc1 + A5 lacr — (15 + Ajllaca)-
Now, for any k € S, we have

Hf;kHT - Hf;k + Aj,kHT - _HAj,kHT/
and [|f5[[ac = [fjc + Ajxllac = —[1 A5/l 5¢-

On the other hand, for any k € §;, the triangle inequality yields
15l = 155+ Al < [ A5l

with a similar inequality for the terms involving || - ||5. Given those bounds, we
conclude that N

0 < 7T|!Aj lra + AT (A8, llra = 145,s¢ ll71)

A (4.11)

+ 7||Aj lsca + ArllAy s ll3ca = 14y,s¢llaca)-

Using the triangle inequality [|A;|| < [|A;s; ||+ 1|45 c || for any norm and rearranging

terms, we obtain
14,5 llra + 114y sellscr < 31455 llra + (1455, lloc1),
which implies
1851171 + 1A [l3c1 < 4[4y, 171 + (|45, ll2¢,1)- (4.12)

This bound allows us to exploit the sparsity assumption, since in conjunction with
Lemma 4.11, we have now bounded the right-hand side of the basic inequality (4.7)

in terms involving only A; s.. In particular, still conditioning on event A, 1 N By 1
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and applying (4.12), we obtain
1 J
T Z BZ(V]' + fj (Xt)H\’j + f;k(Xt))
t=1

m._ -
< C\/ T{VmHA]‘,sj T +Y3nHAj,S]- l|l9¢1),

for some constant C, where we have recalled our choices At = O(,/+¥m) and
An = O(4/ %}712“). Finally, since both fj,k and f}, belong to Bsc(1), we have

14 xcllae < 15 cllac + 1F e llae < 2,

which implies that ||A; s, [[s¢1 < 2sj, and hence

T

1 A
ﬁ Z BZ(V)' + fj(Xt)H\’j + f;(Xt))

t=1

m. 3
<C ?(Ym“A]',S]- T2+ si¥5)-

Exploiting strong convexity

On the other hand, we are able to bound the Bregman divergence term on the
left-hand side as well by noticing that (4.12) implies

1A ll3c1 < 16s;5, (4.13)
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since fj . and fy belong to By(1) with 15 llo0 < 1and [} llo < 1. Using bound
(4.13), for any t, we conclude that

15 (X1 = 145 (X0) + £5(X)]

I
M=

A (Xex) + 15 (Xe)]

k=1

d
<D 1Ay kllse max /K (X, Xea) + 165 (X0)]
k=

[uy

< |16 Zule Smax-

i=1

Therefore, v)—l—f (Xe), vi+f5(Xe) € Vmin—(16+/3_ o Wi+ Smax, Vmax+(164/ oo ) i+
1Smax] where we have function Z(-) is 19-strongly convex given Assumption 2. Hence

9 m, -
§||Aj T < Cy/ T{YmHAj,Sj 11+ 855 )- (4.14)

Relating the £?(Pr) and £3(P) norms

It remains to control the term [|A; s [|11 = Zkesj |Aj |- Ideally we would like to
upper bound it by ,/5;[|A; s, ||+. Such an upper bound would follow immediately
if it were phrased in terms of the || - ||; rather than the || - ||t norm, but there are
additional cross-terms with the empirical norm. Accordingly, we make use of two

lemmas that relate the || - ||+ norm and the population || - |2 norms for functions in
Fj :=Us;c12,..,a)s1=s; Hj (S)-

In the statements of these results, we adopt the notation g; and g; « (as opposed
to f; and f; i) to be clear that our results apply to any g; € ;. We first provide an

upper bound on the empirical norm ||gj k|| in terms of the associated ||gj k|| norm,
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one that holds uniformly over all components k =1,2, ..., d.

Lemma 4.12. On event B, 1,

g5 xllT < 2[|gjxll2 + Vm, for all g € Bsc(2), (4.15)

forany (3, k) € {1,2, ..., d}*

We now define the function class 2Jj := {f + f'|f, f’ € Fj}. Our second lemma
guarantees that the empirical norm || - |1 of any function in 2F; is uniformly lower
bounded by the norm || - ||,.

Lemma 4.13. Given properties of ym and &3, ; = c4{§ﬁ;gd + sj€2.}, we define the event

Dt ={Yj €[L,2,..4d,|gl+ = |lgl2/2

(4.16)
fOT all gj € 237] with Hg] Hz = 6m,j}

corﬁfl
where m = T < for B-mixing with g > 1/co. Then we have P(Dy1) > 1 —
1—c
coexp(—c3m(min; 5%11,]‘)) — T_<ﬁ> where ¢y, c3 and c4 are constants.
Note that while both results require bounds on the univariate function classes,
they do not require global boundedness assumptions-that is, on quantities of the
form [| 3_ycs; 9jkllw- Typically, we expect that the || - [|-norms of functions g; € F;

scale with s;.

Completing the proof

Using Lemmas 4.12 and 4.13, we complete the proof of the main theorem. For

the reminder of the proof, let us condition on the events A, + N Byt N Dy 1.
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Conditioning on the event B, 1, we have

A5 llva =D 1Al

keS;
< 2 Z ||Aj,k||2 + s]-ym (417)

kES]'

< 2,/5i[|Ay5 112 + 85V m-

Our next step is to bound ||A; s, || in terms of [|A; s, ||+ and s;y . We split our anal-
ysis into two cases.

Case 1: If [|Aj 5, []2 < dm,; = O(/55Ym), then we conclude that [|A; s, [|1,1 < Csjym.
Case 2: Otherwise, we have [|Ajs|la > 0nj. Note that the function Ajs; =
Zkes A; x belongs to the class 2J; so that it is covered by the event D, 1. In
particular, conditioned on the event D, v, we have [|A; s, [|2 < 2[[A; s, [|t. Combined

with the previous bound (4.17), we conclude that

14,5571 < ClV/55[1 45,1l T2 + 857 m)-

Therefore in either case, a bound of the form ||A; s [[t1 < C{\/57[|Ajs; |12 + S5Vm}
holds. Substituting the inequality in the bound (4.14) yields

9 e )
14515 < Ciy/ T (/55 TmlAys, [l + si73,)-

The term ||A; 5, || on the right side of the inequality is bounded by [|A;||+ and the
inequality still holds after replacing [|A;s; [|T by ||A;||t. Through rearranging terms

in that inequality, we get,

m - ~
a1 < 2¢ WT (Vs ymldsli + 55¥7) (4.18)
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Because 2 < 1and ¥ > 1, we can relax the inequality to
T 9 q y
2
14517 <

1 /mn 1/4 3 1 /my1/2 (4.19)
26 (5 (3)" vl + g (3) 7 sivh).

We can derive a bound on ||A;||+ from that inequality, which is

/M2
||A ||T = Czﬂz T m

B C2 (log(dT)

+ max(€em, em)2>

(log (dT) ,/ max(€m, €m) )
log(dT) /

where C, only depends on C;. That completes the proof.

v (4.20)

4.6 Numerical Experiments

Our experiments are two-fold. First we perform simulations that validate the
theoretical results in Section 4.4. We then apply the SpAM framework on a Chicago
crime dataset and show its improvement in prediction error and ability to discover
additional interesting patterns beyond the parametric model. Instead of using
the sparse and smooth objective in this Chapter, we implement a computationally
faster approach through the R CRAN package “SAM”, which includes the first
penalty term ||f;||;,+ but not the second term ||fj||1,5¢ (Zhao and Liu (2012)). We also
implemented our original optimization problem in ‘cvx” however this approach
does not scale. Hence we use the “SAM” package.
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Simulations

We validate our theoretical results with experimental results performed on synthetic
data. We generate many trials with known underlying parameters and then com-
pare the estimated function values with the true values. For all trials the constant
offset vector v is set identically at 0. Given an initial vector X,, samples are generated
consecutively using the equation X1; = f5 (X¢) + Wiy1j, where w5 is the noise
chosen from a uniform distribution on the interval [-0.4,0.4] and f} is the signal
function, which means that the log-partition function Z(-) is the standard quadratic
Z(x) = %xz and the sufficient statistic ¢(x) = x. The signal function f} is assigned in
two steps to ensure that the Markov chain mixes and we incorporate sparsity. In the
first step, we define sparsity parameters {s)-}jd:1 all to be 3 (for convenience) and set
up a d by d sparse matrix A*, which has 3 non-zero off-diagonal values on each row
drawn from a uniform distribution on the interval [—é, %] and all 1 on diagonals.
In the second step, given a polynomial order parameter r, we map each value X x in
vector X to (O1(Xx), P2(Xi k), .., Pr (X k) in R" space, where @;(x) = % for any
iin{1,2,..,r}. We then randomly generate standardized vectors (b},k/ b)z,k/ bik) for
every (j,k) in{1,2, .., d}* and define f; as ;(X,) = Y §_; A%, (X bl @:(Xe)).
The tuning parameter At is chosen to be 3,/log(dr)/T following the theory. We
focus on polynomial kernels for which we have theoretical guarantees in Lemma 4.5
and Corollary 4.6 since the “SAM” package is suited to polynomial basis functions.

The simulation is repeated 100 times with 5 different values of d (d = 8, 16, 32, 64, 128),
5 different numbers of time points (T = 80, 120, 160, 200, 240), and 3 different poly-
nomial order parameters (r = 1,2, 3) for each repetition. These design choices
are made to ensure the sequence (X;)/_, is stable and mixes. Other experimental
settings were also run with similar results. We present the mean squared error
(MSE) of our estimates in Fig. 4.1. Since we select r values from the same vector
(b; 1, b7, b3 ) for all polynomial order parameters, the MSE for different r is com-
parable and will be higher for larger r because of stronger absolute signal value.
In Fig. 4.1(a), we see that MSE decreases in the rate between T~! and T—%° for all
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Figure 4.1: (a) shows the logarithm of MSE over a range of log T values, from 80 to
240 under the regression setting. (b) shows the MSE over a range of log d values,
from 8 to 128 under the regression setting. In all plots the mean value of 100 trials
is shown, with error bars denoting the 90% confidence interval for plot (a). For plot
(b), we also have error bars results but we do not show them for the cleanness of
the plot.

combinations of r and d. For larger d, MSE is larger and the rate becomes slower.
In Fig. 4.1(b), we see that MSE increases slightly faster than the log d rate for all
combinations of r and T which is consistent with Theorem 4.3 and Corollary 1.

Similarly we consider the Poisson link function and Poisson process for mod-
eling count data. Given an initial vector Xy, samples are generated consecutively
using the equation Xi1; ~ Poisson(exp(fj(X¢))), where f7 is the signal function.
The signal function f; is again assigned in two steps to ensure the Poisson Markov
process mixes. In the first step, we define sparsity parameters {s;}i; all to be
3 and set up a d by d sparse matrix A*, which has 3 non-zero values on each
row set to be —2 (this choice ensures the process mixes). In the second step
given a polynomial order parameter r, we map each value Xy in vector X; to
(O1(Xex), P2(Xik), ooy @r(Xe k) in R", where @i(x) = ’i—,l for any i in {1,2,..,1}.
We then randomly generate standardized vectors (bj,,b%,, b7, ) for every (j, k)
in{1,2,...,d}* and define f; as f}(X¢) = S A2 i b} @i (X¢x)). The tuning
parameter At is chosen to be 1.3(log dlog T)(1/r/ V/T). The simulation is repeated
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Figure 4.2: (a) shows the logarithm of MSE behavior over a range of log T values,
from 80 to 240 for the Poisson process. (b) shows the MSE behavior over a range of
log d values, from 8 to 128 for the Poisson process. In all plots the mean value of
100 trials is shown, with error bars denoting the 90% confidence interval for plot
(a). For plot (b), we also have error bars results but we do not show them for the
cleanness of the plot.

100 times with 5 different numbers of time series (d = 8,16, 32,64, 128), 5 different
numbers of time points (T = 80, 120, 160, 200, 240) and 3 different polynomial order
parameters (r = 1,2, 3) for each repetition. These design choices are made to ensure
the sequence (X;)]_, mixes. Other experimental settings were also considered with
similar results, but are not included due to space constraints.

We present the mean squared error (MSE) of our estimations in Fig. 4.2. Since
we select v values from the same vector (b;,,b?,,b7,) for all polynomial order
parameters, the MSE tends to be higher for larger r because the process has larger
variance. In Fig. 4.2 (a), we see that MSE decreases in the rate between T~ and T—%°
for all combinations of r and d. For larger d, MSE is larger and the rate becomes
slower. In Fig. 4.2 (b), we see that MSE increases slightly faster than the log(d) rate
for all combinations of r and T which is consistent with our theory.
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Chicago crime data

We now evaluate the performance of the SpAM framework on a Chicago crime
dataset to model incidents of severe crime in different community areas of Chicago.
1. We are interested in predicting the number of homicide and battery (severe
crime) events every two days for 76 community areas over a two month period.
The recorded time period is April 15, 2012 to April 14, 2014 as our training set and
we choose the data from April 15, 2014 to June 14, 2014 to be our test data. In other
words, we consider dimension d = 76 and time range T = 365 for training set and
T = 30 for the test set. Though the dataset has records from 2001, we do not use all
previous data to be our training set since we do not have stationarity over a longer
period. We choose a 2 month test set for the same reason. We choose time horizon
to be two days so that number of crimes is counted over each two days. Since we

are modeling counts, we use the Poisson GLM and the exponential link Z(x) = e*.

We apply the “SAM” package for this task using B-spline as our basis. The
degrees of freedom r are set to 1,2, 3 or 4, where 1 means that we only use linear
basis. In the first part of the experiment, we choose the tuning parameter At using
3-cross validation; the validation pairs are chosen as 60 days back (i.e., February
15,2012 to February 14, 2014 as the training set and February 15, 2014 to April 14,
2014 as the testing set), 120 days back and 180 days back from April 15, 2012 and
April 15, 2014 but with the same time range as the training set and test set. Then
we test SpAM with this choice of Ar. The performance of the model is measured by

Pearson chi-square statistic, which is defined as

29

1 (Xer1j — F5(X¢))?

30 t=0 1:‘] (Xt)

on the 30 test points for the j*™ community area. The Pearson chi-square statistic is

This dataset reflects reported incidents of crime that occurred in the City of Chicago from
2001 to present. Data is extracted from the Chicago Police Department’s CLEAR (Citizen Law
Enforcement Analysis and Reporting) system https://data.cityofchicago.org


https://data.cityofchicago.org
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Figure 4.3: The boxplot shows the performance of SpAM on crime data measured
by Pearson statistic for r = 1, 2, 3, 4-degrees of freedom in B-spline basis.

commonly used as the goodness-of-fit measure for discrete observations Hosmer
et al. (1997). In Fig. 4.3, we show a box plot for the test loss on 17 non-trivial
community areas, where “trivial” means that the number of crimes in the area
follows a Poisson distribution with constant rate, which tells us that there is no
relation between that area and other areas and no relation between different time.
From Fig. 4.3, we can see that as basis become more complex from linear to B-spline
with 4 degrees of freedom, the performance of fitting is gradually (although not
majorly) improved. The main benefit of using higher-order (non-parametric) basis
is revealed in Fig. 4.4 where we pick two community areas and plot the At path
performance for every 1 in Fig. 4.4. In the examples of two community areas shown
in Fig. 4.4, we can see that the non-parametric SpAM has a lower test loss than
linear model (r = 1). For community area 34, when r is set to be 3 and 4, the SpAM
model discovers meaningful influences of other community areas on that area
while the model with r equal to 1 or 2 choose a constant Poisson process as the best
fitting. A similar conclusion holds for community area 56. Here r = 1 corresponds
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Figure 4.4: (a) shows the Pearson statistic loss on the number of crimes in community
area 34. (b) shows the Pearson statistic loss on the number of crimes in community
area 56.

to the parametric model in Hall et al. (2016).

Finally, we present a visualization of the estimated network for the Chicago
crime data. Since the estimated model is a network, the sparse patterns can be
represented as an adjacency matrix where 1 in the i*" row and j*™ column means
that the i*" community area has influence on the j*™ community area and 0 means
no effect. Given the adjacency matrix, we can use spectral clustering to generate
clusters for different polynomial order 1’s used in SpAM model, which are shown
in Figs. 4.5 (a) and (b). For each case, even the location information is not used in
learning at all, we find that the close community areas are clustered together. We
see that the patterns from the non-parametric model (r = 3) is different from the
parametric generalized linear model (r = 1) and they seem more smooth. It tells us
that the non-parametric model proposed in this Chapter can help us to discover
additional patterns beyond the linear model. Even in other tasks, the clusters cannot
represent the location information very well. In Binkiewicz et al. (2017); Zhang et al.
(2018), the authors proposed a covariate-assisted method to deal with this problem,
which applies spectral clustering on L + AX"X, where L is the adjacency matrix, X

are the covariates (latitude and longitude in our case), and A is a tuning parameter.
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Figure 4.5: (a) shows the clusters given by spectral clustering using the adjacency
matrix from SpAM with polynomial order r = 3, (b) shows the clusters when
polynomial order r = 1. To derive clusters in (c), compared to (a), we add location
information to the adjacency matrix for r = 3. Similarly, we get clusters in (d) using
location information compared to (b) for r = 1.

By using location information as the assisted covariate in spectral clustering, we
obtain results in Fig. 4.5 (c)(d). Since the location information is used, we see in
both cases that community areas are almost clustered in four groups based on
location information. Again, we find that the patterns from non-parametric model
is different from the linear model and the separation between clusters is slightly

clearer.
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5 < UNDERSTAND THE FLOW OF INFORMATION IN DEEP
PROBABILISTIC MODELS: EXTEND STATISTICAL MODELS TO DEEP

STRUCTURE

5.1 Introduction

In this Chapter, we study the case when data is huge and the model trained to fit
it is complicated to understand. While we discussed in previous Chapters about
how to combine multiple heterogeneous datasets, and analyze high-dimensional
spatiotemporal data, we find that in the last decade, prediction tasks when suf-
ficient data is available can be significantly facilitated by the use of deep neural
networks. However, deep neural networks lack interpretability and probabilistic
measurements, which make their predictions hard to explain and understand in
scientific studies. In this Chapter, we show how kernel methods together with deep
probabilistic models can help us to obtain deep neural networks with interpretabil-
ity and uncertainty measurements. To complete that, we derive a framework to
understand the flow of information in deep probabilistic models.

Deep probabilistic models are a core topic of interest within modern deep learn-
ing. Motivated by a spectrum of applications that benefit from formulations that
roughly fall under the umbrella of deep probabilistic models — namely — Bayesian
neural networks (BNNs), deep Gaussian processes (DGPs), variational autoencoders
(VAEs) and others Hernandez-Lobato and Adams (2015); Gal and Ghahramani
(2016); Damianou and Lawrence (2013); Bui et al. (2016); Wilson et al. (2016), there is
a growing interest in better understanding their properties, both from a theoretical
as well as a practical perspective. Our goal in this Chapter is to study mechanisms
to characterize the information flow for deep probabilistic models, i.e., the flow of
representations from the input features to the output prediction passing through
the units that make up the network. While this is motivated by and should facilitate
applications where interpretability is important, in principle, a clear understanding
of these properties would also allow a more rigorous analysis of the model and
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evaluating or verifying if it has desirable statistical properties. For general deep
neural networks (DNNs), there is a sizable (and growing) body of work that tackles
information flow in a number of interesting ways. For example, one could con-
struct procedures that seek to explain individual feature importance, for example by
computing input gradients and decomposing predictions Shrikumar et al. (2017);
Ancona et al. (2018); Sundararajan et al. (2017). Concurrently, there are also pro-
posals based on attention-based models Xu et al. (2015); Mnih et al. (2014), which
are able to localize which parts of the images critically drive the decision making
process of a DNN model. Expectedly, this understanding will often, although not
always, enable better interpretation of why the prediction was a certain class (and
not another). More recent works have also sought to use simpler interpretable mod-
els to explain the prediction from a DNN Chen et al. (2018). Despite this evolving
body of work, we find that analogous results for deep probabilistic models are
either lacking or still in a nascent stage.

One should be able to, at least in principle, adapt existing information flow or se-
mantic attribution strategies which work for general DNNSs, to the deep probabilistic
models setting. But we find that an overwhelming majority of such procedures
natively focus on individual feature importance, e.g., pixel saliency maps for images.
But inspecting coefficients of individual predictor variables is often insufficient in
many classical statistical models — and we are often interested in statistical interac-
tions and on occasion, higher order interactions. We find, as has been noted recently
in Tsang et al. (2018) that extending available feature importance and sensitivity
analysis methods for DNNSs to this general case is non-trivial. It turns out, however,
that if we use simple strategies, namely imposing assumptions on the structure of
the function class in a manner we will describe shortly, this problem turns out to
be a little more tractable. This strategy has precedence — for example, in classical
statistical models, assuming an additive or a hierarchical structure is quite common
for numerical reasons or to better analyze its statistical behavior Hastie and Tibshi-
rani (1986); Gelman and Hill (2006); Huang et al. (2010). Therefore, it seems that an
assumption, similar as above, i.e., an explicitly specified structure on the function
class, may be a good idea for deep probabilistic models as well. If successful, this
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will help characterize information flow, not merely back to individual features but
will also help understand the relevance of higher order statistical interactions on
the output. While not stated in this form, such an assumption, nonetheless, under-
lies capsule structures Sabour et al. (2017) and multi-resolution analysis (MRA) in
CNNs Mallat (2016); Angles and Mallat (2018).

What is the structure assumption on the function class? Build function with a com-
putation skeleton. To better understand and characterize the function class which
our deep probabilistic model corresponds to, we will make use of the so-called
“computation skeleton” idea in Daniely et al. (2016). In Daniely et al. (2016), the
computation skeleton is used to study the relationship between DNNs and kernels
and the effect of depth. Here, we find that the computation skeleton idea helps
us capture the overall structure of the DNN and the function class via an easier-
to-analyze “gadget”. Importantly, it can be generalized in a way where we can
evaluate the functions being learned (by the deep probabilistic model) via analyzing
the corresponding computation skeleton (and the functionality we insert in the
different parts of the skeleton). This significantly facilitates analyzing the flow of
information because we now only need to analyze information flow from the input
to the output over the computation skeleton.

Other advantages. As a by-product, the foregoing assumption also helps us to
study the relationship between BNNs and DGPs, the effect of layer width and
dataset shape in the deep probabilistic model setting. For instance, some recent
papers describe designing deep probabilistic models that can be both understood
as Bayesian neural networks and deep Gaussian processes Gal and Ghahramani
(2016); Cutajar et al. (2017); Salimbeni and Deisenroth (2017). It turns out that
our mechanisms to impose structure on the function class lead to an interesting
theoretical perspective describing the relation between Bayesian neural networks
and deep Gaussian processes through kernels. Such a result, helps us tie various
deep probabilistic models together in our framework, which can easily adjust
to different probabilistic formulations. Additionally, we could use this general
framework to flexibly choose between different structures and even uncertainty
estimation schemes. All these benefits essentially come for free — the framework
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retains all useful empirical properties from BNNSs such as mini-batch training,
works on large-scale datasets and yields the expressive power of DGPs with kernels.
Finally, if desired, one could also easily compare various deep probabilistic models
using this framework as a tool.

Additional benefits for interpretability. With the computation skeleton framework
for deep probabilistic models in hand, it will be easy to design specific structures
to obtain interpretable results. Instead of studying feature importance, we show
that the framework can lead to a solution to study statistical interactions, which
is important for interpretability in biomedical and financial applications but has
received scant attention Tsang et al. (2018). If an output depends on several features,
one is often interested in changing some features to evaluate how it affects the
response. In doing so, we must guarantee that other “uncontrolled” features do
not influence the response. This confound is called interaction: the simultaneous
influence of several features on the outcome is not additive and the features may
jointly affect the outcome. Interpretability means understanding how predictors
influence the outcome. But failing to detect statistical interactions causes problems
in inferring the features’ influence (e.g., the Simpson’s paradox). A general DNN
architecture permits all features to interact, without the ability to control for the
nuisance terms. In statistics, we may use a fully additive statistical model with
ANOVA decomposition. Similarly, we propose an additive structure on the network
and apply post-training ANOVA decomposition to detect statistical interactions:
what may be called a Bayesian additive neural network (BANN).

Our contributions.

i) We derive a framework to understand information flow for deep probabilistic

models.

ii) We extend the “structure on function” assumption used in statistics to DNN5s
and deep probabilistic models, which helps us to obtain statistical measures
beyond feature importance (namely, interactions) for interpretability.
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iii) Our framework ties various deep probabilistic models together including
BNNs, DGPs, DKL and others. The analysis helps us to understand the simi-
larities / differences between various deep probabilistic models.

iv) We leverage our structure assumption explicitly — as an additive structure — to
obtain Bayesian additive neural networks (BANN), which provide competitive
results to DNNs but with other benefits.

Preliminaries

In this section, we briefly review deep Gaussian process and variational inference
schemes to setup the rest of our presentation. We also review the classical Analysis
of Variance (ANOVA) decomposition in statistics which we use later.

Gaussian processes (GP) and deep Gaussian processes (DGPs). Consider the
inference task for a stochastic function f : RP — R, given a likelihood p(y|f) and
a set of n observations y = (yy,...,yn)" € R™ at locations X = (xq, ..., x, )" € R™¥P.
We place a GP prior on the function f that models all function values as jointly
Gaussian, with a covariance X : RP x RP — R. We use the notation f = f(X)
and X (X, X)i; = K(xy,xj). Then, the joint density for y and f for a single-layer
Gaussian process (GP) is p(y, f) = p(£; X) [ Ti_; p(yilfi), where f[X ~ N(0, X(X, X))
and yi[f; ~ N(fi, 82).

For L vector-valued stochastic functions denoted as F*, a deep Gaussian process
(DGP) Damianou and Lawrence (2013) defines a prior recursively on F7, ..., . The
prior on each function F* is an independent GP in each dimension, with input
locations given by the function values at the previous layer: the outputs of GPs at
layer € are {F§}{_; and the corresponding inputs are F*~*. The joint density is

n L
py, FYy) = [ [p(uifH) [ [ p(FE )
i=1 =1

where FO = X, F* € R™ 4 for 0 < ¢ < L, F§[F*" ~ N(0, K (F*1, F* 1)) for 1 < j <
de, 0 < <L
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Variational inference (VI) for Bayesian models. Consider the joint density of
the latent variables f = {f;}[", and the observationsy = {y:}{* ,, p(f,y) = p(f)p(ylf).
We know that inference in any Bayesian model amounts to conditioning on the
data and computing the posterior p(fly). In models like DGP, this calculation is
difficult and so, we use approximate inference. A popular strategy is variational
inference (VI) Blei et al. (2017) which requires specifying a family of approximate
densities Q. Our goal is to find the member q* of that family which minimizes the
Kullback-Leibler (KL) divergence to the exact posterior,

q"(f) = arg Jin, KL(q(f)[[p(fly)).

Instead of minimizing the KL divergence, one maximizes the evidence lower bound
(ELBO),

ELBO(q) = Eq (g [log p(ylf)] — KL(q(£llp(£)).

The first term is an expected likelihood, which encourages the densities to place
their mass on configurations of the latent variables that explain the observed data.
The second term is the negative KL divergence between the variational density and
the prior so the densities lie close to the prior.

Analysis of variance (ANOVA) decomposition. Consider the inference task
for a stochastic function f with a set of n observations (yi,...,y.)" at locations
(1, ...,xn)". In a simple setting, we assume that p(y|f) follows the Gaussian dis-
tribution with y; = f(x;) + €i, €; ~ N(0,8%). Based on Gu and Wahba (1993), for
a multivariate function f, f(x) = [ le (I—E; + Ej )} f(x). Expanding the product,
we obtain the equivalent representation for f in an ANOVA decomposition,

p p P
f(x) =fo+ Y f(¥)+ £ 00, X + -+, (5.1)
i—1 =1 k=1
where f, = (H}D:1 E;)f(x) is the mean constant, f;(x!) = (I — E) ([ 1.4 B5)f(x)

is the main effect function for the first dimension x! of x and f;,(x!,x?) = (I —

Eq)(I—E,) (]_[j 212 Ej )f(x) is the second-order interaction function between the first
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Figure 5.1: Using § in (a), one can construct a BNN N(8) in (d) with the function
block (FB) in (b) and the random feature block (RB) in (c). For different 8, (e) is MC
dropout, (f) is deep random features, (g) is deep kernel learning. (g) also represents
a multi-task § while (h) gives the additive structure.

dimension x!' and the second dimension x?> of x. The rest of the terms can be
defined similarly. The ANOVA decomposition makes the prediction interpretable
by splitting f into sub-functions, such as f; and f;,: we can understand the main

effect of a single parameter or interactions between a few parameters.

5.2 Deep Probabilistic Models with a Computation

Skeleton Assumption

We first define the computation skeleton and show how it imposes structure on
the function class. This will directly facilitate understanding flow of information
from input to output. Later, we show that the constructed BNNs can be seen as VI
approximations for the DGPs with the expressive power of the kernel. Finally, we
discuss how to understand other deep probabilistic models Gal and Ghahramani
(2016); Wilson et al. (2016); Daniely et al. (2016) in our framework.

What is a computation skeleton? Computation skeleton Daniely et al. (2016) is a
gadget to compactly describe a feed-forward computation structure from the inputs
to the outputs: in other words, the flow of information. Formally, a computation
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skeleton 8 is a multi-layer graph with the bottom nodes representing inputs, the
top nodes representing outputs and non-input nodes are labeled by activations o.
In Daniely et al. (2016), this idea was used to study a family of DNNs: it was shown
that DNNs can be seen as the realization of certain types of structures and their
dual kernels. In fact, every § defines a specific NN: Fig. 5.1(a) shows a two layer
fully connected NN, Daniely et al. (2016) shows more examples. Here, we reuse the
name but define a slightly different $ to restrict the function class. For notational
simplicity, we consider 8’s with a single output.

What are blocks? To express a deep probabilistic model (say, BNNs) using a
computation skeleton 8, we also need two additional components, which we call
“blocks”. Our first type of block is a function block denoted as FB(Py, 1, d), which
allows every “node” in & to replicate d times. This will help us in defining Bayesian
priors and posteriors. We setup FB as a one layer NN where the inputs nodes and
output nodes are fully connected. All incoming edges to the output node f; as in
Fig. 5.1(b) form a vector v;. The set of v;’s for 1 < j < di.i.d. follow the distribution
P, on R". FB(P,,1,d) simply takes the inputs ¢ = (¢y, ..., )" and outputs a d-
dimension vector f with f; = d)Tv]- for1 < j < d. Our second type of block is
a random feature block denoted as RB(PPy, d, r, 0% ), which we use to construct
random feature approximations for kernels to leverage the expressive power of
DGP. We setup RB as a one layer NN with random weights where the inputs nodes
and outputs are fully connected. All incoming edges to the output node ¢; as in
Fig. 5.1(c) form a vector wj. The set of w;’s for 1 < j < r follow the distribution Py,
on R4 for 1 <j < d. RB(Py, d, T, 0% ) takes the inputs x = (x1, ..., xq4) " and outputs
a r-dimension vector ¢ with ¢; = \/LFGK(XTWJ-) for1<j<r.

Writing a BNN with S, FB and RB blocks. Let us denote s* to be the number
of nodes in layer { of the computation skeleton 8. Typically, we may choose Py ~
N(p, Z) and Py, ~ pN(0,I) for a constant p. Alg. 3 shows how given a §, together
with FB and RB blocks, we can construct a BNN N(§) by sequentially replacing
edges in & with a combination of FB and RB from bottom (input nodes) up to the
top (output nodes). Shortly, we describe the properties of such a BNN. First, let us
see an example. For Fig. 5.1, using FB in (b) with r =3 and d = 2 (d = 1 for the



97

last layer) and RB in (c) with d = 2 and r = 3 (d = 4 for the first layer) in Algorithm

3, we construct a BNN in (d) from the in § in (a). Essentially, we “substitute in’
FB + RB to replace every edge in Fig. 5.1(a).

Prior and posterior approximation for N(8)

Our remaining task is to describe a prior for N(8) and then derive a posterior
approximation scheme for the construction in Alg. 3. To do so, we define some
notations. We use W for all random weights in the RB blocks, V gives all BNN
weights in the FB blocks and v{, denotes the weight vector that goes into kth dimen-
sion of f*. The related random features are denoted by d)f;. For X = (x1, ..., Xn )", we
denote F' as a matrix with the ith row F! = f(x;) as the value of f* evaluated on
input x;. We define @}, to be the random feature matrix related to f{ for 1 < k < d*.

Definition 5.1. For a BNN N(8) from Algorithm 3, we treat W as fixed, then the pa-
rameters are only V. We choose Py, = N(0,1,) in Algorithm 3 to define the Bayesian
prior on vi as N(0,1,) forl < k < d%, 1 < € < L. This Bayesian prior leads to the
relation p(F{|F*~1) = N(F%;0, ololh, therefore has a distribution over {F*}L_, which
is p({FH_,) = [To_y p(FF).

Algorithm 3 Expressing a Bayesian neural network (BNN) with computation skeleton and blocks

Input: a computation skeleton 8. Output: a deep BNN N(8).
Construct layer 0 in N(8) by copying inputs (layer 0) from §.
for{=1toL do
ol =00 € R4"": output vector on layer ¢ — 1 in N(8).
—1 . — . . . 0—1y1s¢1
For each f{!,1 <j < s'', apply the activation ¢ in 8, and output {o(f;™)};_; .
fori=1tos'do
In(i) ={1 <j < s" ! if node j in layer ¢ — 1 connects with node i in layer £ in
S}
Build RB(P,,, d", 1, 05%) on {0(f] ")}jern () and output ¢; € R".
Build FB(P,¢, 7, d{) on ¢ and output f{ € R4 in layer £ of N(8)
end for
end for
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When the outputs y and likelihood p(y|F") are available for the design matrix
X, the posterior of BNN N(§) is intractable. Therefore, we use variational inference

to approximate its posterior.

Definition 5.2. We define the variational inference approximation for the posterior of V in
N(8) by defining the variational posterior q over V with vi ~ N(ut, Zy.). Then, we get the
ELBO =Y I | E ) log(p(yilfi)) — KL(q(V)[p(V)). This variational posterior over

V also leads to a posterior over {F}}_,.

To optimize the ELBO, we apply a doubly stochastic approximation for the first
term in the ELBO, where the sum is estimated using mini-batches and the expec-
tation is approximated with a Monte Carlo sample from the variational posterior
q(f). Both stochastic approximations are unbiased. Further, by reparameterizing
vi=p! + Zil/zN (0,I), the optimization of ELBO can be achieved with mini-batch
training and backpropagationCutajar et al. (2017); Salimbeni and Deisenroth (2017);

Gal and Ghahramani (2016).

Relationship between N(§) and DGPs

Having constructed a BNN N(8) from §, now we show that it can be seen as a VI
approximation for the DGP. To simplify notation, we assume that all {®}4" | are the
same so we drop the subscript k. We also assume that all {d‘}}_, are the same. We de-
fine an empirical kernel X! (£-1(x), f*(x’)) as Ly i ox(o(f 1 (x) Twi)oxc (o (£ (x")) Twy)
and it’s expectation K (£ (x), £ 1(x')) as Ewox (o (£ (x)) "W)ogc (o (£ (x")) Tw.

It is easy to check that K'(f*1(x), £ '(x")) = (b‘(x), d‘(x')). We denote
KE(F1,F“1) as the n x n matrix for n inputs. First, we point out that the prior in
Definition 5.1 is indeed a DGP prior.

Proposition 5.3. The BNN prior of N(8) in Def. 5.1 represents a DGP prior for {F1}}_,.
This means that FgIW, FCU~ N0, KHFCLFS ), for 1 <j < dand1 < < L

This DGP with kernels {K‘}}_, is also an approximation for the DGP with
kernels {X‘}}_, if o is ReLU or C-bounded (o is continuously differentiable and

loaclloo, [0 lloc < C).
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C-boundedness. The C-bounded condition holds for most popular sigmoid-like
functions such as 1/(1 + e ), erf(x), x/v/1 + x2, tanh(x) and tan—"(x). The bound
for C-bounded activation functions is given in the supplernent, which is similar to
the ReLU results below.

Theorem 5.4. If the activation function oy is ReLU, then for every 1 < { < L, ona
compact set M € R® with diameter diam (M) and maxacy [|All2 < o, with probability
at least 1 — cchdiam(M)zexp{ re’ } for any o(f*'(x)), o (£ (x")) € M,

8(1+d)v

(700, £ () = KEHET 00, £ (X)) < e

for a constant ¢, > 0 and a parameter v depending on M. Here, M specifies that we

require o(f'71(x)) and o(£*(x')) to be two vectors in M that are not collinear.

Remark 5.5. In Cho and Saul (2009); Cutajar et al. (2017), the authors point out that
Kt is the arc-cosine kernel for ReLU activation function and in Cutajar et al. (2017), the
authors use this random feature approximation idea to construct a BNN. In this direction of
works, our main contribution is the theoretical analysis. In Daniely et al. (2016), the author
proves the convergence rate for K given fixed points x and x'. Theorem 5.4 is stronger which
proves the uniform convergence rate on a compact set M. It implies the effect of the diameter
diam (M), the angle between o(f'~1(x)) and o(£*~1(x')), and the effect of the replication
d of FB block besides the effect of the RB block replication .

We show that the BNN prior of N(8) in Def. 5.1 is a prior for DGP with kernels
{3%“}{7:1, which is also an approximation for DGP with kernels {K*‘}{_,. Next, we
show that the variational posterior and ELBO optimization in Definition 5.2 leads
to the same posterior approximation for DGP as using a recent “inducing points”

approach via doubly stochastic variational inference Salimbeni and Deisenroth
(2017).

Theorem 5.6. Using inducing points with doubly stochastic variational inference Salimbeni
and Deisenroth (2017) to approximate the posterior of the DGP with kernels {K}5_,, we
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obtain exactly the same posterior approximation as solving the ELBO optimization in
Definition 5.2 for N(8).

Remark 5.7 (Proof discussion). First, since we show that the prior of N(8) in Def. 5.1
is a prior for DGP with kernels {K'};_,, we can apply the inducing points approximation
for DGP. Second, the variational posterior defined in Definition 5.2 is over v* while the
variational posterior from inducing points approach is defined over F for each layer (. We
need to show the equivalence for variational posterior and ELBO between the two approaches.
Then, because the feature space for the kernel {X};_, is finite with rank v, by randomly
selecting v inducing points, we can decompose the kernel matrix into a product of two
square matrix, which is also invertible based on random matrix theory Rudelson (2008);
Tao (2012). Finally, we simplify both sides and we achieve the equivalence. More details are

in the supplement.

Based on Prop. 5.3 and Thm. 5.6, we show that the BNN N(8) constructed from
8 can be seen as a VI approximation for the DGP with kernels {K*}}_,. However,
we notice that the empirical kernel {K*}i_, and its expectation kernel are restricted
by the class of 0% which does not cover all general kernels. We solve this problem
by proposing a new block in BNNs, which is named as inducing points block IPB.

Definition 5.8. For a kernel X, IPB can be constructed by choosing r additional points Z
(inducing points), taking the inputs x and outputting an r-dimension vector X (x, Z)K(Z, Z)

Replacing RB in Alg. 3 by IPB, we obtain a new class of BNNs. We prove that
the N(8) with IPB can be seen as a VI approximation for DGP with general kernels
{KC -

Theorem 5.9. Using inducing points with doubly stochastic variational inference Salimbeni
and Deisenroth (2017) to approximate the posterior of the DGP with kernels {K'}}_,, we
obtain the same posterior approximation as solving the ELBO optimization in Definition
5.2 for N(8) with IPB, except a constant offset in each layer (see supplement).

Theorem 5.9 proves that for any DGP with a general kernel {K*}{_,, the N(8) with
IPB can be seen as a VI approximation. The similarity between RB matrix ® and

~1/2,
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the IPB matrix K(x, Z)X(Z, Z) /2 is that they are both rank r basis approximation
for the kernel X, which are equivalent when the kernel is K related to activation

function oy.

N(8) and other deep probabilistic models

We have shown that the BNN N(8) constructed from Alg. 3 can be seen as a VI
approximation for DGP. Next, we show that with a few small changes, Alg. 3 can
construct other interesting deep probabilistic models. To do so, we allow changes
in the existing framework,

Change 1) In Alg. 3, inside the inner-most loop, we have one RB (IPB). We
allow taking out RB (IPB) entirely or replacing it by multiple sequential RBs (IPBs)
as long as they are matched.

Change 2) Earlier, we assumed that the variational posterior q for v{ follows a
normal distribution. We now allow it to follow a probability mass function and a
mixture of two probability mass functions.

Change 3) Earlier in Def. 5.1, the prior p(v) is a normal distribution. We allow
other forms of priors to encourage other regularizations, e.g., Laplace distribution

for {; sparsity.

Remark 5.10. Change 1 determines the complexity of kernels in each layer. Since the exact
posterior can be multi-modal, Change 2 allows us to use different variational posterior class
from normal distribution. As prior in Bayes often serves as a reqularization, Change 3 allows
us to choose priors related to Lasso type penalty while normal distribution corresponds to
L, penalty.

By simply applying these changes, N(8) can lead to most popular deep proba-
bilistic models. First, consider the case where no RB is used in constructing N(8).
This gives us a kernel X with X(x,x’) = o(x)"o(x’) as in Fig. 5.1 (e). Further, let
us use q(v) as a mixture of two probability mass functions. These changes leads
to MC dropout Gal and Ghahramani (2016). Second, let us allow multiple RBs
in constructing N(8) as in Fig. 5.1(f). This ends up representing the Gaussian
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process with deep random feature in Daniely et al. (2016). Third, in Fig.5.1 (g), we
show another construction that represents deep kernel learning Wilson et al. (2016),
where IPB or RB is not used at all; the variational posterior q(v) is a probability

mass function except the last layer.

Remark 5.11. One of the contribution from our framework is that it ties most deep proba-
bilistic models to study their similarity and difference. It shows the similarity among them
through the computation skeleton N(8) in Alg. 3. It distinguishes them through blocks and
simple changes. Through our framework, it is easy to compare different deep probabilistic
models Salimbeni and Deisenroth (2017); Cutajar et al. (2017); Gal and Ghahramani (2016);
Daniely et al. (2016); Wilson et al. (2016) and derive new constructions, approximation
methods and optimization algorithms.

Computation skeleton and structure. We see that the structure assumption is
applied via the computation skeleton and we can construct various deep proba-
bilistic models by adjusting blocks in Alg. 3. A computation skeleton, which has a
meaningful structure for the applications, can help to build a deep probabilistic
model that is interpretable. For example, in Fig. 5.1 (g), we see a computation
skeleton for multi-task learning where the first layer captures the shared low level
patterns among multiple tasks and the second layer defines individual high level
patterns for each task. In Fig. 5.1 (h), we have an additive structure where a large
neural network is composed by summing several sub neural networks, which helps
to simplify the prediction model and understand the interactions within small
input groups.

5.3 Additive Structure and Interactions

Let us see an example of constructing BNNs with additive structure in our frame-
work to detect statistical interactions and provide interpretability. In eq.(5.1), we
introduced the ANOVA decomposition, which represents a complicated function
f(x) as an additive model of several sub-functions. Each sub-function represents an

interaction term. For example, given a function f* between inputs x = (xy, ..., X;)
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and output y, one can define the interaction function It over a subset of inputs x
Gu and Wahba (1993) as

Ir(xr) = [ [T = ) [ [ B " (31, o %p). (5.2)

ieT jeT

The ANOVA decomposition helps us understand the flow of information from the
input to the output. For example, I;(x(y)) is the main effect of first input x; and
I;121(xp1,21) is the interaction between the first two inputs.

First, we discuss how to design a DNN with the additive structure and detect
statistical interactions. Then using Alg. 3, the results can be easily extended to
the Bayesian formulation which yields a Bayesian additive neural network. Based
on Fig. 5.1(h), the additive neural network f(x) is f(x) = Z;;l g;j(x), where each
sub-function g;(x) is a sub-neural network with few inputs. In the smoothing spline
ANOVA model Gu and Wahba (1993), one considers all possible sub-functions in
ANOVA, which means that the number of components k is 2P. The sub-function
g;(x) is a non-parametric model in a reproducing kernel Hilbert space defined by a
kernel K (x). However, when high-order interactions exist, the kernel is not complex
enough to model the interactions and considering all possible sub-functions in
the ANOVA decomposition is expensive. Since each sub-function g;(x) in our
additive neural network is a neural network, it has the capability to model complex
interactions even when the dimension is high. We choose k to be a polynomial
number of p. In order to generate similar results as the ANOVA decomposition to
study interactions, we use a post-training estimate. After we fit a function f(x) from
the training step, we apply the empirical expectation operator E™ with n samples
on f(x),

I} (xr) = [ [l —EX) [ [EZ f(x1, 0 xp), (5.3)

€T igT
which is an approximation for the interaction function It (x7). Detecting statis-
tical interactions is hard when p is large, but we show that our additive neural
network model with the post-training ANOVA decomposition in (5.3) can estimate

interactions in polynomial complexity of p.
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Theorem 5.12. If there exist inputs clusters {T; };1 such that t*(x) = Zil g; (ij*) with
k* of the order of a polynomial in p and ¢ = max}_, [T*| = O(log p), then there exists a
trained additive neural network that predicts y well and restricts the number of possible
interactions to be at most a polynomial in p. Further, if every sub neural network has L

dZL—l

layers with d hidden units, then the complexity of (5.3) is at most n°k* , which is also

polynomial in p.

Remark 5.13. This result does not hold for an arbitrary neural network, which needs to
consider all 2P possible interactions in the post-training ANOVA decomposition and needs
nP (k*d)* ! complexity for (5.3). When computing (5.3), an additive neural network is
more efficient since each block is more compact, and the additive structure helps eliminate
non-existing interactions from the candidates set. Therefore, when the true function f* has
a good additive representation, additive neural network is more efficient. In practice, we
always use group Lasso type penalty to encourage each sub neural network to depend on a
few inputs.

Bayesian additive neural network (BANN). We present the computation skele-
ton of the additive structure in Fig. 5.1 (h). By applying our BNN construction
framework in Alg. 3, we can easily construct the Bayesian formulation of our
additive neural network model using various deep probabilistic models. In or-
der to allow each sub-neural network selects a subset of inputs, for every sub-
neural network, the first layer is only built with FB and the prior on the weights
is p(V!) ~ exp(— >_V_, [Ivl]l,) where v{ refers to the weight vector emanating from
the ith input. The variational posterior q(V*') is the probability mass function to
make top layers stable. Other layers are constructed depending on the specific deep
probabilistic model in Alg. 3. That generates a Bayesian additive neural network
which can estimate interaction, provide interpretability and derive uncertainties

for measures of interest.
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5.4 [Experiments

We show how our BANN model can detect statistical interactions and how one
can easily compare various deep probabilistic models. We first evaluate the perfor-
mance of our BANN model on synthetic experiments for regression and interaction
detection for additive functions. Then, we use Alg. 3 to construct four different
types of BANNSs (where each refers to a type of deep probabilistic model) and
check its utility for prediction and identifying interaction strength. Finally, we
show how BANN can infer main effects and statistical interactions of features with
uncertainties for interpretability. Further, we apply BANN on eight benchmark

datasets to show its performance.

Table 5.1: (L) Synthetic functions from Tsang et al. (2018); (R) Comparisons between
BANN, BNN, BART and NID. BNN/BART do not detect interactions.

Method formula RMSE Top rank recall (noise, 02 =1,3,5)
BANN (0.5k) | BNN (7k) BART NID (20k) Ours (BANN) NID
f 10sin(mmx;1x2) + 20(x3 — .5)2 1.07 +0.01 1.154+0.01 | 1.07+0.01 | 1.09 +0.01 1 1 1 1 1 1

10exp(x1x2) — 20 cos(x3 + X4 + X5)
+7 arcsin(xoX19)
exp(xixa] + 1) + exp(lxs + xa| + 1)
—19 cos(xs + x¢) — 10y/x2 +x2 + x5,

2 1.16 +0.01 1.224+0.02 | 1.434+0.02 | 1.44+0.02 1 1 |23 1 2/3 0

3 1.35+0.01 1.32+0.01 | 1.24+£0.02 | 1.424+0.02 | 3/4 | 3/4 | 2/4 1 2/4 | 1/4

1
I 5
£ TrTege — OVePla ) 1134001 | 1134001 | 117001 | 1404002 | 3/4 | 3/4 | 2/4 | 2/4 | 2/4 | 1/4
+10[x6 4 X7| + 6XgX9X10

BANN, BNN, BART and NID on prediction accuracy and interaction detec-
tion. We compare BANN with BNN (with a single neural network), BART (Bayesian
additive regression tree) and NID (Neural interaction detection) in terms of pre-
diction accuracy and interaction detection. For BANN, we use the setup in section
5.3, where the group Lasso penalty is applied on the first layer. We use 10 compact
sub-NNs for BANN and a single (but more complex) neural network for BNN
(see supplement). For BART and NID, we use the setup in Chipman et al. (2010);
Tsang et al. (2018). Both BANN and BNN here are based on the MC dropout type
construction (see section 5.2). First, we compare RMSE (root mean-squared-error).
We run 4 synthetic experiments, see Tab. 5.1. We use one function f in Tab. 5.1 to
generate 5000 train/test samples (10 features, 1 response), where for every input
x, each dimension of the inputs are i.i.d. generated from the uniform distribution
on (0,1] and the response y is y = f(x) + €, with € ~ N(0,1). From Tab. 5.1, we see
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that the BANN yields comparable (or better) RMSE compared to baselines. Though
the prediction performance is similar, note that BANN is a much more compact
design: BANN has just ~500 edges while the BNN has 7000 edges, NID has 2000
edges and BART has 200 trees (see Tab. 5.1).

Table 5.2: Constructing multiple types BANN of f;.

Measure MLL Inte(:flgglon : , Ma1n3effect . -
MC dropout | —1.61+£0.09 | 1.51+0.05 | 244 +0.15 | 235+0.10 | 1.69+0.06 | 3.18 +0.04 | 1.63 +0.03
RF —1.60+0.09 | 1.524+0.06 | 239+0.08 | 2.31+0.11 | 1.70£0.11 | 3.19 £0.06 | 1.61 +0.04
DKL —153+0.08 | 1.59+0.04 | 2444+023 | 2324+0.13 | 1.70+0.08 | 3.16 =0.06 | 1.61 =0.04
DRF —1.56 £0.07 | 1.40+£0.02 | 236 +0.05 | 2.35+0.10 | 1.71+£0.03 | 3.15+0.03 | 1.59 £ 0.02

Next, we compare BANN and NID for interaction detection (other two baselines
are not applicable). To detect interactions, BANN first calculates the interaction
functions from eq.(5.3), then their empirical {, norms are used as the “interaction
strength”, and then BANN selects the top k interactions. Possible interaction candi-
dates are based on the group-Lasso clusters for every “sub-NN" in our additive
model. For NID, we use the setup in Tsang et al. (2018). We run the same experi-
ments as the RMSE setting using Tab. 5.1. To assess ranking quality, we use the
top-rank recall metric Tsang et al. (2018): a recall of interaction rankings where
only those interactions that are correctly ranked before we encounter any false
positives are considered. Only one superset interaction from each sub-function of f
is counted as a true interaction. From Tab. 5.1, we see that the BANN outperforms
NID for interaction detection.

Four different types of BANN. As described in section 5.2, we can derive other
deep probabilistic model schemes for BANN: MC dropout, random features (RF),
deep kernel learning (DKL) and deep random features (DRF), see section 5.2. Then,
we can calculate uncertainty based on each of these schemes. Here, we consider
two measures, the mean log likelihood (MLL) and the empirical ¢, norm of the
interaction or main effect function from eq.(5.3). The mean log likelihood (MLL)
measures the prediction accuracy. The empirical {, norm measures the strength of
the interaction or main effect. For the uncertainty of the interaction measure, we
only calculate it for BANN but do not compare the results with NID Tsang et al.
(2018) since NID cannot model uncertainty. In Tab. 5.2, we show the two types
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measures with uncertainties for f; in Tab. 5.1. The results show that all four types
of constructions (derivable from our proposal) correctly yields interactions between
x1 and x; as well as the main effects of each input because the values are close to
the truth from the math calculation. We also see the advantage of our framework
that it makes the comparison between different deep probabilistic models easy for
new computation skeletons.

Interpretability and uncertainty using BANN. We showed that BANN can
produce interaction effect measure with it’s uncertainty. Here, we show that the
BANN can also produce uncertainties for the interaction function defined in eq.
(5.3). We use the f; in Tab. 5.1 as an example and we are interested in modeling the
interaction between x; and x,. Using BANN, we can obtain the interaction function
and the uncertainty function for it in Fig. 5.2. We draw them as heatmaps where
the horizontal axis is x; and the vertical axis is x, . We can see from those figures
that BANN can provide meaningful information for interactions, which is rarely
available for deep neural network models. This ability of BANN can be very useful
for interpretability.

Benchmark experiments. Finally, we apply BANN on common datasets used
by other authors. BANN (which is a more compact model) yields competitive
performance in addition to the other features it natively provides such as inter-
action (interpretability) and uncertainty discussed above. This implies that these
additional benefits do not come at a cost of performance.

-3

-5
0

Figure 5.2: Interaction between x;, x, for f; in Tab. 5.1. Mean interaction (L) and
its standard deviation (R) shown.
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Table 5.3: Average test performance in RSME and Standard Errors for BANN(ours),
dropout uncertainty (MC dropout), deep Gaussian process (DGP 5) and prob-
abilistic back-propagation(PBP) on benchmarks. Dataset size(N) and input

dimensionality(Q) are also given.

N Q BANN | MCdropout | DGP5 PBP

Boston | 506 |13 |3.03+£0.12 | 297 £0.19 |292+0.17 | 3.01 £0.18
Concrete | 1030 | 8 | 5.18+0.14 | 523+0.12 | 5.65+0.10 | 5.67 +0.09
Energy 768 8 [0.65+0.03 | 1.66£0.04 |0.47+0.01 | 1.80=+0.05
Kin8nm | 8192 | 8 | 0.07 £0.00 | 0.10£0.00 | 0.06 £0.00 | 0.10 £ 0.00
Naval | 11934 | 16 | 0.01 £0.00 | 0.01 £0.00 | 0.00 £0.00 | 0.01 £ 0.00
Power 9568 | 4 | 4.04+0.03 | 4.02+0.04 | 3.68+0.03 | 412 +0.03
Protein | 45730 | 9 | 4.07 £0.01 | 436 +£0.01 |3.72+0.04 | 473 £0.01
Wine 1599 | 11 | 0.66 £0.01 | 0.62+0.01 | 0.63+£0.01 | 0.64 £ 0.01

5.5 Discussion

We presented a framework to understand the flow of Information in deep prob-
abilistic models. We generalized the structure on function class assumption in
statistics to deep probabilistic models through the use of the computation skeleton,
which also helps provide more interpretable models. Our framework ties various
deep probabilistic models together including BNNs, DGPs, DKL and others. As
a by-product, our technical development and analysis helps us understand the
similarities and difference between various deep probabilistic models. Finally, we
show how the structure assumption can be instantiated via an additive structure
assumption to derive a Bayesian additive neural networks (BANN), which produce

interpretable results through statistical interactions with uncertainty estimates.
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6 CONCLUDING REMARKS

In this dissertation, we discussed how kernel methods can be used in the analysis
of big and complex data. In Chapter 2, we considered the situation when multiple
datasets are available and come from heterogeneous sources. Those datasets formu-
late a large dataset with more samples but also with more biases. Our contribution
is to derive a framework using the graphical causal model to identify covariate shift
bias and using maximum mean discrepancy, a kernel-based approach, to eliminate
the covariate shift bias between multiple datasets. The framework is applied to
Alzheimer’s disease study to show an advantage. More details can be found in
Zhou et al. (2016, 2018a).

When we have multiple datasets from heterogeneous sources, we can use the
framework in Chapter 2 to eliminate the biases with the best effort. However, an
important question remains to be answered that how we can determine combining
multiple datasets is beneficial because of increased sample size instead of harming
the analysis because of increased biases. In Chapter 3, we answered this question.
We derived a hypothesis testing to decide when it is beneficial to combine multiple
datasets from heterogeneous sources. We derived theoretical analysis for a sparse
multi-source model on multi-source datasets to study its behavior. More details
can be found in Zhou et al. (2017).

In the analysis of spatiotemporal data, we are interested in understanding the
dynamic behavior. For example, in Chicago crime data, we want to understand
how crime happens and transit between various communities in Chicago as time
changes. Instead of fitting a linear auto-regressive model, we built a kernel-based
non-parametric model to study this dynamic behavior. In this setting, the spatial
information and kernel space formulates a high dimensional space while the sam-
ples are sparse in the observed period. As prior high dimensional statistics, we
added regularizations to solve the problem in Chapter 4. We derived theoretical
analysis to study the behavior of the non-parametric kernel-based model in this
setting when model space is high dimension and samples are dependent. More
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details can be found in Zhou and Raskutti (2019).

Finally, with the development of high computation power and the ability to
collect big data, deep learning becomes popular in a lot of applications recently. The
kernel methods can not directly adapt to this change and benefit from the recent
high computation power. We found a new area called deep probabilistic models.
In Chapter 5, we derived a framework and showed that kernels and structure
assumptions in statistics can be used to understand those models. It also points out
a way to extend classic statistics models, such as additive model and hierarchical
model, to a deep structure where we can use the recent development from deep
learning and maintain interpretability and uncertainty estimates from statistics.
More details can be found in Zhou et al. (2018b).
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A APPENDIX

A.1 Proofs for Theorems in Chapter 2

In this section, we give proofs for Theorem 2.2, Theorem 2.6, Theorem 2.7, and
Theorem 2.9.

Proof for Theorem 2.2

Theorem A.1. The distribution shift correction is identifiable if there exists a known set of

variables Z such that the following three conditions are all concurrently satisfied:

1) Z d-separates X and Eg (sample selection bias) and also d-separates X and Ep (population
characteristic difference);

2) The conditional probability P(X|Z), after appropriate transformations on X, is the same
across multiple participating sites (S and T);

3) The distribution of Z has a non-trivial overlap across multiple sites (S and T), which
means that there exists an interval [a, b] such that P(a < Z < b) > 0.5 for all sites.

Proof. We denote measurements of interest as Xs in dataset 1 and Xy in dataset
2. We assume Eg = 1, Ep = 1 for dataset 1 and Eg = 2, Ep = 2 for dataset 2
to represent the biases between the two datasets. Without loss of generality, we
assume that a transformation h™(.) can resolve the distributional shift, that is,
marginal distributions of h*(Xs) and X are the same. However, when biases exist,
we have,

P(h™(Xs)[Ep =1, Ep =1) £ P(Xr[Eg =2,Ep =2). (A1)

Therefore, we may not be able to find the correct transformation by matching
the distributions Zhou et al. (2016). Then, the correction problem becomes non-
identifiable if we do not have any additional information. The situation changes

when we have a set of variables Z which satisfy the three identification conditions
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in Thm. 2.2. The following explanation describes why.

P(h™(Xs)[Eg =1,Ep =1) = Ezjey—1,6,-1[P(h(Xs)IZ,Eg = 1, Ep =1)]  (A2)
=Ezjg—1e,-1[P(hW™(Xs)|Z)] (A.3)

The second equation holds because of condition 1) in Thm. 2.2. Similarly,we have,
P(Xt|lEg =2,Ep =2) = Ezje =26, -2 [P(X1]Z)] (A4)

Then, since condition 2) holds, we have P(h*(Xs)|Z) = P(X+|Z), that is, they are
identical functions of Z. Therefore, the only difference between the two datasets
are P(Z|Eg = 1,Ep = 1) and P(Z|Eg = 2,Ep = 2). We should keep in mind
that this difference is similar to [A.1]. However, there is no longer an unknown
transformation h(.) in the relation. To address this issue, we can conduct a
subsampling procedure 88 on Z to approximately align P(Z|Eg =1, Ep = 1) with
P(Z|Eg = 2, Ep =2). The condition 3) in Thm. 2.2 shows that this is possible. After

the subsampling procedure, we will approximately have,
P(h™(Xs)[Eg =1, Ep = 1,88P) = P(X1|Eg =2, Ep =2, 8SP). (A.5)

Therefore, the correction problem becomes identifiable since we can now learn h?o
by matching the distributions. O

Proofs for Theorem 2.6 and Theorem 2.7
First,we have Lemmas from Zhou et al. (2016).

Lemma A.2. For any fixed function h(xs,A), g(x¢, B),any A, 3, bounded kernel X, we
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have

n n

Plsup |~ 3 (G, A)) — Ex, f(R(xe, A))| — Ex sup | 3 f(h(x{,A) — Ex, flRlxs, A))I > )

feF Vi feF i
<ex (—ez—n)
S EPTHK
1 & , 1 & ,
P(sup|— Z f(g(xi, B)) — Ex, f(g(xt, B))| — Ex, sup|— Z f(g(xi, B)) — Ex.f(glxt, B)) > €)
feF Mg fek i
<ex (—62—‘“)
S AP
Lemma A.3. For any fixed function h(xs,A), g(x¢, B),any A, 3, bounded kernel K, we
have
1 « , 2VK
Ex,sup|— ) f(hixg, A) —Ex, f(hixs,A) < —=
fe}F) n ; vn
1 & : 2VK
EXt - f 1/ - Eth 7 < T
ilé}glm; (9(xt, B)) (g(xe, B))I o

Lemma A.4. For any fixed function h(xs,A), g(xt, B) and a bounded kernel X, if (A1)

holds, we have

1 & . VK dx o
P( sup sup|— f(h(xg,A)) — Ex f(h(xs,A))| > — | 4+ \/C(h'o‘) +—logn|)< =
7\6(1)_))\ fEIF) n ; \/E 2r & 2

Pl sup supl &3 flglxt, B)) — Exflglre, B > Y <4+ \/cwf“) . fflogm)) <3

peQg feF M i

zuhere CL“"“) = log(2/Qa)) +log o'+ log &, and C'9™) = log(2|Qp|) +log o' +
7 108 vk
Theorem A.5. Under mild assumptions 2.4, if there is a Ny, 0 such that h™(Xs) and

g% (Xt ) have the same distribution, then

MMD (M Xs), g°(Xr)) — 0
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(\/log(ns) \/log(nT
Vs nT

with the rate max e )). If Ao, 0 are unique, then the estimators A, 6 are

consistent.

Proof. Recall the basic inequality

1 & - 1 . 1 & : 1 — :
sup( L ;f(g(xl, B - ;f(h(xw)) < sup(L ;f(g(xl, Bo)) — — ;f(h(xt,xo)))
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B I (h(xt,A), ) — B Klglxe, Bl — IE K(h(xE, Ao), ) — Ex K(g(xt, Bo)ll,
= sup(Ex,f(g(x, B)) — Ex:f(h(xi,A)) — sup(Ex, f(g(xt, o)) - Exif(R(xt, o))
We use a basic inequality and get

< sup(Ex, f(g(xt, B)) — Exif(h(x{,A))) — sup(Ex, fg(xt, Bo)) — Exi f(h(x{, o))

feF feF
+sup( ;f(g(xt, Bo)) — ;f(h(xt,xo))) —igg(m;f(g(xt,fs)) - n;f(h(xs,m)
<lsup(= > flglxi, B) — = 3 f(h(xt,A)) — sup(Ex,f(g(xi, B)) — Exs fRxE,A)))
fer M iy ni4 feF
Flsup(- Y gl Bo)) — = 3 f(hlxi,N0))) — suplEx,flglxe, Bo)) — Exsflhixi, o))
feF M3 o feF

X X

We use the fact that | sup f1(x) — sup f(x)| is smaller than sup [f1(x) — f2(x)]
X

,}\\,)\0 c Q)\, B, f.))() c Qfg and get
1 & . 1 & ) )
<2  su sup|(—= ) f(glxy, B)) — =) f(hixg,A)) — (Ex f(glxt, B)) — Eyi f(hixg, A)))|
AGQ;\,EI»DGQB fell::) m; ‘ Z ‘ *

1 — :
<2 su sup|(— ) f(g(xy, B)) — Ex, f(glxt, B
Aem,%)enﬁ feg m; ‘ '

n-
i=1

n

1 . )
+2  sup  supl(= ) f(h(x},A) = Ef(h(x, )]
AEQ,PEQ fEF Vi

1 & .
=2 - f 5 — Ex, f ,
;e“&i‘ég'(m; (g(x}, B)) (g(xt, B))

1 & ) )
+2 sup supl(= > f(h(x},A) — E,:f(h(x},A)|
A€Q, feF Vi

The results follows from Lemma A.4, by noticing that for every random variable
W, Z, constant a,b, we have PW + Z > a+b) < P(W > a) + P(Z > b). Thus, for
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any « > 0, with probability at least 1 — o.

: A

[Exi K(h(x5,A), ) = Ex K(g(xe, Bl — B K(h(xt, Ao), ) — Ex, K(g(xt, Bo)ll,
VK dy VK d

<2Y> (4 (ho) 4 A 2 Y2 (4 (g0) 4 2B
i +4/C + o ogn | + = +4/C + 2rq ogm

where C"%) = log(2/Q,|)+log o 1+%2 log ,and Cl9%) =1log(2|Qgl)+log o1+

dg L
Ty 108
Next, we show the estimators are consistent. We assume that Q,, Qg are

bounded. For notational convenience we simply call
’|EXSJ<(h(XSI§\)/ ) - Extgc(g(xt/ B)I )||H - ||EXSJ<(h(XS/ }\0)/ ) - EXt:K:(g(Xt/ BO)/ )||H

as C(A, B).

Notice that {(-) is continuous because {(-)? is the summation of expectations of
bounded continuous functions (because the kernel is bounded continuous). If (A, 3)
doesn’t converge to (Ao, 39) when A, B) converges to 0, then we have a sequence
(A, Bx) and an € > 0, such that ||(Ax, Px) — (Ao, Po)ll > € but {(Ax, Pi) converges
to 0. Because Q,, Qg bounded, ((-) is continuous, and hence T(A,3,C) = {A €
QOx, B € QplC(A, B) < C}is a compact set of (A, 3) for some constant C.

So we can find a point (A, B)inT(A, B, CYN{A, BN, B)— (Ao, Bo)| > €} such that
there is a subsequence (7\k1, le) which converges to (A, ) when 1 goes to oo, based
on Bolzano-Weierstrass theorem. But since ((-) is continuous, we have C(7\, B) =0,
with [|(A, ) — (Ao, Bo)l| > €. This contradicts with the unique solution requirement
of (Ao, Bo)- O

Theorem A.6. Given Assumptions 2.4, when Hy is true, with probability at least 1 — «,

3 A —1
NMD(h*(Xs), ¢°(X1)) < \/ 2kins + n1)log o ,/ +2,/
Nnsnrt
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When Ha is true, with probability at least 1 — «,

IMMD (WA (Xs),9° (X7)) — C.l <

k d [ k d
—(4+\/Chf“+—7\logn5)+ — 4+ C9'°‘+—elognT)
ng 21 nr 2rg

where C, = miny g MMD(h*(Ps), g°(P+)) is a positive constant when Ha holds. Here,
Che =log(2/Qxl) +log &' + {2 log \L/—’i and C9° = log(2|Qe|) +log o' + f—;’ log %

Proof. Under H,,

M(/)\\/ fg) — M (}\01 BO)
< M(Ao, Bo) — M* (Ao, Bo)
- MMD(h(XS/ ?\0)/ g(xt/ BO)) - MMD*(h(XS/ }\O)I g(xt/ BU))

where MMD*() is the MMD in the population sense while MMD(-) takes the
expectation in a sample sense. The MMD empirical bound from Theorem 7 in
Gretton et al. (2012) can be directly applied to the right hand side of the above
inequality. This application will lead to the bound on H,.

Similarly, under Hy,

M(i\/ B) - M*()\A/ BA)
< MAA, BA) =M (Aa, BA)
= MMD(h(xs,Aa), g(x¢, Ba)) — MMD™(h(xs,An), g(xt, BA))

Similar to the case of Hy, the upper bound follows from Theorem 7 of Gretton et al.

(2012). The lower bound proof under the alternative follows from Lemma A 4.
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m

(A, B) — M (a, Ba)l = | min min sup(— Y (g(x, )~ — ) f(h(xi,A))
i=1

AEQ, BEQ m
ABEQp fcF i1

— min min sup(Ey, f(g(xt, B)) — Ex. f(h(xs,A)))]

AEQH ﬁGQB feF

Use the fact that | min, f;(x) — min, f,(x)| is smaller than sup_ [f;(x) — f2(x)|, we
have

IM(A, B) — M*(Aa, BA)

1 & . 1 & .
< Aery\L,l[feﬂﬁ sflé]? I(nf1 ;f(g(xt, B)) — o ;f(h(xs,k))) — (Ex.f(g(x¢, B)) — Ex,f(h(xs,A)))l
1 & . 1 & .
< Bsggﬁ Sflé}; |H ; f(g(xi, B)) — Ex, flglxt, B))I + Aseug};A Sflé}F) |E ;f(h(xs,A)) — Ex, f(h(xs,A))|

The results come from Lemma A.4, and the fact that for every random variable
W, Z, constant a,b, we have P(W +Z > a+b) < P(W > a) + P(Z > b) O

Proof for Theorem 2.9

Theorem A.7. Define g7, \ to be the number of appearances of x4 in iteration b.
Define COV(gu(ix),A) = 5 S oAb — 5\)(93(%) — 1), The I] estimator of variance
for A is

d
VARI]O\\) = Z (C@V(gu(i,k)/A))2

The procedure for 0 is identical.

We provide a proof of our extension of the infinitesimal Jackknife estimator
Efron (2014) to multiple groups. The proofs proceed in two steps.

Proof. Step 1.
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Before describing the proof, we define some notations. We have two datasets Xs,
X1 and d groups for each dataset. We define our samples from one dataset as

1 d
Xs = (x(sl’l),...,xél’ns),...,x(sd’l),...,x(sd’ns))

Based on X = (X5, X1), we can generate bootstrap samples for every group and
we call all such generated samples as V = (Vs, V7). In this proof (similar to Efron
(2014)), we assume that the bootstrap sample sizes are the same as the original
samples, that is,

1 d
Vs = (v(sl’l),...,v(sl’ns],...,v(sd’l),...,v(sd’“s))

and

Based on V = (Vs, V1), we define the count variables N(V) = (N(Vs), N(V7)) and
probability variables P(V) = (P(Vs), P(V1)), which are,

N(V) W) =#k =1,..,n VI = X)) foranyuw € (S, TLie{1,...,dLj€{1,..,ni}
1

P(V,) W) = n—iN(Vu)(i'j), foranyu e {S,TLie{1,..,d}.je{1,..,nlL

In other words, N(V,, )" records how many times X appears in the bootstrap
samples for one iteration. The probability variable P(V,,)")) is the normalized
N(V,,) ) such that ZEH P(V.,) ") = 1. The bootstrap process is repeated B times.
Later, when we have superscript b for V, N(V) and P(V), it implies that those
variables are related to the b*" iteration of the bootstrap process. Now, we define
another term to be the baseline for the probability variables, which is,

P(X) = (P(Xs), P(XT)), where P(X,,) 1) = ni forany u € {S, Thie(1,...,d}j € {1,..,nL}.

u
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We can see that P(X) represents the uniform distribution for each group of X, which
only depends on the original samples X. On the other hand, P(V") depends on X
and the bootstrap samples V? for the b™" iteration.

The probability variables P(V®) and the baseline probability variables P(X) are
connected by multinomial distributions as

nixP(VY)W ~ Multiy,; (nl, P(X,)V), forany u € {S,TL.i€ {1,..,d}.b €{1,..., B},

(A.6)
where P(V?)W is related to the it" group from dataset VP and P(X,,)'V is related
to the i'™ group from dataset X,,. In Multi,; (nl, P(Xy)"), ni is the total number
of variables in the i'" group whereas P(X,,)V) is the uniform distribution for this
group. This means that ni, x P(V2)[) can be viewed as n!, samples generated from
the multinomial distribution on n!, discrete values with equal probability to be
drawn.

Let us consider an estimation function f. For the b'" iteration in the bootstrap
process, we obtain an estimator f® from samples VP, We assume that, given X,
f® only depends on P(V?), which means that we can represent f° by f(P(V?)).
Therefore, we can approximate f° via the tangent hyperplane that goes through
f(P(X)) at P(X), which gives us that

fran(P(V®)) = F(P(X)) + (P(V®) — P(X), 1) (A7)

where (P(V®) — P(X),U) = ¥ o1 > L (P(VD)D — P(X, )P, UL), and UL, =
(UL, ., U™

U = lim f(P(Xu) W + elej — P(X,) V) — f(j)(x)(i)).

e—0 €

(A.8)

where e; is a vector with all zeros except one on the j*™* position.

Because our bootstrap samples are drawn independently from every group, we
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have that
d
Elfran(P(V®)) — f(P(X D ELP(VOY —P(X) P UL (A9)

u=S,T i=1

Further, using the multinomial distribution relation between P(V*) and P(X) in
[A.6], we get

E[(P(VD)D — (X)), U )2

= (UL E(P(V))Y — P(X) ) (P(VE —P(X )“))t]ui
(A.10)

Tll

1 1 ; - 1 1
U — —T1t(1))U}, = uli))2
= o) (= 1) ;nhz( ]Zl

where (-)* represents the transpose operatlon on a vector or matrlx and 1 is the all
one vector. Further, since Z):1 e; — P(Xu)") =0, we have Z] 4 Un () — 0 from its
definition in [A.8]. Therefore, we get an approximation for the mean squared error
(MSE) of f for estimation f(P(X)), that is

()2 (A.11)

l\’l ?
g

El[fran(P(V®)) — f(P(X Z 2

u=S,T i=1

j=1

—

Further, if E[f(P(V?))] = f(P(X)), then this MSE is the bootstrap estimation for the
variance of f(P(X)) Efron (2014).
Step 2.

Now, we consider the estimation regarding the variance of A := 1 > b_, A, In this
proof, we assume that B is large enough that it exactly covers all finite possibilities
for the bootstrap samples. Therefore, we can consider A as the value of a function
f(-) at P(X). In other words, we consider f(P(X)) in Step 1 to be A. Letus imagine
that we generate bootstrap samples to estimate the variance of A as in Step 1, which
is a second layer of bootstrap since A is already based on bootstrap samples. Again,
we can use the tangent hyperplane scheme in Step 1 to approximate the bootstrap
estimation of the variance. For this estimator, the relation E[f(P(V?))] = f(P(X)) =
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A holds because we assume that B covers all the possibilities. Therefore, the only
remaining issue is to calculate UL . We define a probability measure on X which
is
P(Vy) ) = (p(x) D + e(ej — P(Xy) V) for the group XY,
and fP(XV) ) for other groups X\(,k), foranyv € {S,T}. ke {1,2,..,d}.}

Because B bootstrap samples covers all possibilities, we have that
1B
W= — ) L) A12
O = g 3 Ao ) (A12)

where w? (P(V, )y = % The probability P(V®|u) is defined to be

the probability of V® under the probability measure . We can further simplify
wP(P(Vi) ) by

VEP(Vi) )
Wb :P Vu (el'J) = ( €
V) P(VPIP(X))
=(1+ (nh _ 1)€)nh?(vﬁ)(id) H (1— e)niug)(vg)(i,n
1=1,1#j

— (14 (nf, —1)e)™PVD (] _ gynini? (Vi)
Let € — 0, we have that

W (P(Vi) &) —11/e = [(1 + (nl, — 1)e)™P VDM (] — g)mimmi VO™ 7] /e
— [(1+ nheni?(VB)“’j )(1—enl)—1]/e
= n (ny PV —1)
(A.13)
Therefore, using [A.8], we know that

1 B
§§ bmipvh)i) 1) (A.14)
b=1
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By plugging in that form in equation [A.11], we get the approximation for the
bootstrap estimation for the variance of A, which is

da n
VAR(A) = 3 S (COVA,N(V,) )P,
u:sl,sT i=1 j=1 (A.15)
A . 1 ~ ..
here C NV, )W) = = bryby (i)
where COV (A, N(V,)")) BbZ_l)\ (VD) 1)

For finite B, £ > p_, A®((V2)(1) —1) is an approximation of COV(A, N(V,,)(*)). For
the subsampling case, the expectation of (V5)(")) is no longer 1 but =-. As a result,
we adjust the covariance term to COV(A, N(V,,)(+)) = 1 S o AP ((VE)(LI) — 51

as in Wager and Athey (2017). This leads to the Thm. 2.9 in Chapter 2. O
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A.2 Proofs for Theorems in Chapter 3

In this section, we give proofs for Theorem 3.1, Lemma 3.2, Theorem 3.3, Theo-
rem 3.5, Theorem 3.7, and Theorem 3.8 in Chapter 3.

Proofs for Theorem 3.1, Lemma 3.2, Theorem 3.3, and Theorem 3.5

Theorem A.8. t; = 2* achieve the smallest variance in [3.
1

Proof. The choice of 1; leads to weighted least squares, which is known to be the
best linear unbiased estimator (BLUE) under uncorrelated heteroscedastic errors.
The variance of f is equivalent to the case when Af3; = 0. In the latter case, BLUE
condition holds and setting T; to the above value achieves lowest variance. The

equivalence between variances under two cases completes the proof. O
Lemma A.9. For model (3.3), we have

[Biasg i3 SKV—2($k(m & =18k | §K
1617282 < NED) (R (a2) 25 + 25) | (A.16)

Varg = o |[(ni )7 — (& + 257!

.- (A17)
Proof. The estimation from single site model is unbiased, and it has the following

variance.

A

Var, = tr((XlTX1)_1)G% = tr((nlzl)_l)(ﬁ (A.18)

The estimation error from multi-sites model has the following closed form expres-
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sion
T 1
X1 X1 T
X X T X2 X2 (AR2)
A " 2A2 2A2
p—Pp"= . .
- - T X T Xe (A
T X T X KAk Xk (AB)
. (A.19)
T T
X1 X1 Xl €1
X2 X0 X0 T€2
+
Tka Tka Tka Tk €k

First term in the summation from (A.19) is bias, while second term is variance. We
can see that our choice of T; = 2! resolves heteroscedastic errors issue among sites.
1

We further simplify bias and variance terms, and obtain

k
Var, = tr((m; + Z nﬂ%ii)’l)(ﬁ (A.20)
i=2

The reduced variance statement is proved. For the bias term, it is equivalent as

shown below.
T —1
X1 X1 T
T2X2 T2X2 0 0
T2X2 T2X2
0 T3X3 0
. . TiX 0 0 .. mX
Tka Tka KK KK (A.Zl)
ARy
% Gl/2 Gfl/Z
ARy

A one step Cauchy Schwartz inequality is then applied. Then our final proof is to
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show |..||2 on

T —1
X1 Xl T
X X T2X2 TzXz 0 0
T T
o 2 . 0 wXs .. 0 [GY?
T X 0 0 .. X
X X KAK KAk
(A.22)
is equal to right side of the bias relaxation in (3.4).
It is easy to see that ||A]|2 = ||ATA||.. Based on this, we can see the first term of

matrix inverse contributes the ()i‘l‘)_z in (3.4). Let the other part in (A.22) be L. We

have

T ~ T ~
T%X;XZ T%X;XZ 112’(%22 leT%Zz
LL" = . G . = . G . (A.23)
TiXIXk TiX{Xk TLkT]z{ik TLkT]z(ik

A

After some manipulations, this becomes (£X(n,%;)~1Zk + £¥). The bias part is

proved. ]

Theorem A.10. a) Model (3.3) has smaller MSE of B than model (3.1) whenever
Ho: |G2AB]5 < o7 (A.24)

b) Further, we have the following test statistic,

2 Gfl/ZAB
X(k—1)#p —0_1

where ||G~Y2AB /01|, is called a “condition value”.

Gfl/ZAB 2

01

2
> , (A.25)
2

2

Proof for Theorem 3.3. (a): Based on Lemma 3.2, the theorem is proved when right
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side in (3.4) is replaced by

x (A.26)

We first calculate the numerator

o7 H(Tllf:ﬂ*l — (& + 25)71 *
= of [(mE) ' EE L + 557,

of [ (&)~ (i + £5) — 1] (& + 571,

(A.27)

The denominator is then given by

IEDAEF L) 78S + £D) = 1ED (&S + ) (&) 2. (A28)
Remember )A:]f = }A:]Z‘ +mn,%;,, we continue (A.29)

= H((ilz( +n121)_1(n1i1)_1i§)”* = H((Tllil)_li]z((nlil + ilf)_l)”* (A.30)

The last step uses the property of ||..||. norm. The proof is completed by noticing
the simplified form of numerator and denominator. It is clear now that the right
side in (3.4) is exactly o3.

(b): First, we show G%G is the covariance matrix of A B We have

cov(ABi, ABj) = cov(Bi, Bj) — cov(Bi, B1) — cov(Bi, Bj) + cov(B1, B1)  (A31)

Since each site is independent from other site, we have (A.32)
cov(A[gi,ABj) = cov([gl, (31) = Gf(nl)il)’lfor 14 (A.33)
cov(ABy, AB:) = cov(Bs, Bi) + cov(B1, B1) (A.34)
= 01((n2) " + (ni(07 /0D L) ™) = o7 ((2y) " + (i &)™) (A.35)

AB follows Gaussian distribution since it is a linear transformation of Gaussian
distribution. It’s expectation is A3 since each B: is an unbiased estimator. Hence,
we have

AR ~N(AB, 02G) (A.36)
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This distribution result, and noticing the connection between Gaussian and non-

central x? distributions completes the proof.

]

Theorem A.11. Analysis in Section 3.2 holds for B in (3.9) by replacing ¥; with £; =

ixxi - ixzi (izzi )7122701

Proof for Theorem 3.5. Define y" = (v{,..,vL), Xiy = (X, ©X], ..., X)), Zau =

Diag (Z1, 122y, ..., Tk Zy). We have

~ -1
B . B* _ Xluxall X(Tluzall
¥ v ZZuXall Zluzall

€1
1
T T T
XauXaut XgZau Xau T2€2
T T T
Ly Xau Zgulau L .
Tk €k

Using sub-matrix inverse property, we obtain

—1
XauXau XguZau Xau | _
ZcTuLXall ZchZall Zzu

We then have

Zan=(1— Xall(XZLLXall)ilx—gu)Zall

T
Xall

T
Zall

0
) T2 X2(AB2)

T X (ABx)

(I—2Zy(Z2]Z))7'Z0)X4
5 (I1—Z,(Z2]Z5)'Z;)Xs

Xau = (I— Zall(Zluzall)_lzzu)xall =

(I— Zk(zlzk)ilzl)xk

Define

Hy = (1—2zi(z2{z)'z])

(A.37)

(A.38)

(A.39)

(A.40)

(A.41)
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Hence, we have

0 €1
N . T o 1o T X2(AR2) T oo 1o T€
B—B* = (XiuXan) 'Xin pmhe + (XouXan) ' Xan 2
Tka(ABk) Tk €k
€1
K Ty€
ST o S ST o 1O 2€7
= (XguXa) ') TXIXi(AB) + (XL Xan) ' Xiy
i=2
Tk €k
(A.42)
We also observe that
X{X; = X{Hz X = X{HZ X; = X{X; (A.43)

Therefore, we can apply our previous results to a subset of parameters if we replace
X; by X;. Since our results only depend on £;, we only need to replace it by

1 -

1 7 N N N
_XIXI - _XIHZiXi - Zxx-l - szi(zzzi)ilzzx- (A44)
ny i

1

This proves the theorem. O

Proof of Theorem 3.7:

Theorem A.12. Let 0 < o < 0.4. Assume there exist constants 0 < Pmin < Pmax < 00
such that

20 2
. . . = > .
hﬂg}lf b min (sp log (1 + - 20‘) ) Z Pmin

K
lim sup Gmax(sp + min{Z i, kp}) < Pmax-

n—oo i—1

(A.45)
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Then, for A < oy/TLlog(kp), there exists a constant w > 0 such that, with probability
converging to 1 for n — oo,
,5log(kp)

1 4 *
EHBA — B[} Cwo — (A.46)

where s ={(1 — o)\ /5, + a+/sn/k)?, o is the noise level.

We follow the proof procedure from Lasso Meinshausen and Yu (2009) and
group Lasso Liu and Zhang (2009) results. Let B* be the estimator under the
absence of noise, i.e., B> = BM, where B¢ is defined as in (A.48). The {,-distance
can then be bounded by ||B* — B*||2 < 2||B* — B*||2 +2||B* — B*||2. The first term
on the right-hand side represents the variance of the estimation, while the second
term represents the bias. The bias contribution follows directly from Lemma A.13
below, and the variance bound term follows from Lemma A.18.

De-noised response. For 0 < & < 1, we define a de-noised version of the
response variable as follows,

Yi(&) = XiBi + &eq (A.47)

We can regulate the amount of noise with the parameter &.
For & = 0, only the signal is retained. The original observations with the full

amount of noise are recovered for & = 1. Now consider for 0 < & < 1 the estimator
Br,

k
DAE . . Y. R.12
BM =argmin ) _||Yi(€) — XiB:l3 +AA(B)

i=1

P P
AB)=(1—a)Vk) [IBlla+a) [IBh

j=1 j=1

(A.48)

The ordinary sparse multi-site Lasso estimate is recovered under the full amount
of noise so that BM = B*. Using the notation from the previous results, we have
BM = B2, for the estimate in the absence of noise. The definition of the de-noised

version of the sparse multi-site Lasso estimator will be helpful for the proof as it
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allows to characterize the variance of the estimator.

Part I of proof — Dealing with bias

Let P, be the set of nonzero groups of B*, i.e., P, ={j : B # 0}. The cardinality of
P, is denoted by s,. For each j in P,, let H; be the set of nonzero elements of f3;, i.e.,
H; = {i: B} # 0}. The number of all nonzero elements of B is denoted by s,. For
the following, let B* be the estimator B with no noise (as defined in (A.48)). For
each A, the solution B? can be written as B» = B* + I'*. We define v/ and vy; to be
j-th column and i-th row of T'. y is the transpose of the unfolded vector of I' by row.
Denote A; = A(1 — ) and n = :*. Then

= arg mrin f(T) (A.49)

The function f(TI') is given by

f(I) =y Cy + A { > (VKW +nlV )+ D V(IR + ]l — ﬁjz)} +

jepPE JEP.

Mg Y B, + i = IB7H)I + Y- nlvHS |l
jEP, jEP,
(A.50)

The matrix '™ is the bias of the sparse multi-site Lasso estimator. We derive first a
bound on the Frobenius norm of ™.

Lemma A.13. Assume conditions in Theorem3.7. The Frobenius norm of T is then
bounded for sufficiently large values of 11, given a constant w;, > 0, by
2 kslog(kp)

n

T < (A.51)

Proof. f(I') = 0 whenever I' = 0 following the definition from (A.50). For the true
solution I, it follows hence that f(T") < 0. For notational simplicity, we drop the
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super-script A from here on. Using y'Cy > 0, we have

{Z VKV )+ > @Y ) + vaHcl} < {Z VRl + Y nlel}

jePE jeP¢ jeP jeP, jEeP,
(A.52)
Since [P.| = s, > ;cp. [Hjl = sn. Itfollows that 3, p [V ]2 < /Spllvll2 2 jcp. Y)ﬁ]—“l <
V/Snl[v]]2, and hence, using (A.52),
AN < 2{(1 = a)y/ksp + ov/Sulllyll2 = 2Vl 2 (A.53)
Using f(I') < 0 again and (A.53), it follows that
y" Cy < 2AVk3|ly|l2 (A.54)

Now consider y' Cy. Bounding this term from below and plugging the result into
(A.53) will yield the desired upper bound on the Frobenius norm of I'. Let |y >
[y®]| > ... > |[y'®)|| be the ordered columns of T'. Let u,, for n € N be a sequence
of posmve integers, to be chosen later, and define U = {j : |[y/||2 > |[y'*"|2}. Define
v(U) and y(U°) by setting v/ (U) =y 1{i ¢ U} and v/ (U) =/ 1{i € U}, followed
by unfolding I'. Then quantity y' Cy can be written as y' Cy = ||a + b||5, where
a:=n"1"2Xy(U),b:=a"V2Xy(U®), X = DIAG(Xj, ..., Xx). Then

y'Cy = lla+bl2 > ([af2—[[b]l2)* (A.55)

Before proceeding, we need to bound the norm ||y(U)|; as a function of w,.
Assume L= 3 ", [[¥)2. Ttholds for every j =1, .., p that [|y"]]; < 1/j. Hence,

P
1
[y (US)|3 < ZHv 2)? Z 7 (A.56)

:LL
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[y (US)|J2 < Z 5% Hz\/7 HYHl\/ﬁ (A.57)

Based on (A.53), A(T) )Vk Y P [V ]2 + «llvll1, and (A57), it follows that

2
¢ 1 ks
Iy (US)I3 < 4l z{u ( fﬂx) } (A58)

By definition, since y(U) has only u,, nonzero groups,

Therefore, we have

o]

a3 = Iy (W' CY(WIIZ > bmin(wn) [y (W2 >

. T - ) (A.59)
d)mln(un)HYHZ (1 4 {Un ((1 - O()\/]_<+ (X) }>

Here we explain why we obtain ¢min (W, ) instead of ¢pmin (kw, ). We denote ¢

min ( )

to be m-sparse of A 7' X] X;. Then ¢ppmin(m) = mink_; ¢i, (m) because of block struc-
ture. Since we have u,, nonzero groups, instead of arb1trary ku, nonzero elements,
we obtain a higher value ¢pin(un) = min’_; ¢ . (u,) instead of Gpin (k). This
is the one place where we consider the block structure of multi-site design.

As y(U®) has at most min{Z]f:1 ni, kp} nonzero groups, using again (A.58),
(A.53) and the block structure of multi-site design,

i=1

" _ 2
1 k
”bHZ < 4d)max mll’l{Z ny, kp} HYH2 { <\sf—|—o(> } (A60)
Using (A.60), (A.59) and (A.55), along with d)ma)((min{zli‘:1 N, kp}) = Omin(un),

. k =
TC’Y d)mln Un ”YHZ < (1 4\] cbmax(mln{Zi:l nl/kp}) {j(ks)Z})

$min (Un) (1—a)Vk+«
(A.61)



134

_ 2
Using conditions in Theorem 3.7 and setting u,, = log(1i) (%) , it follows

that
yTCY 2 min (1 —4:1 / —p = - ) 2 A.62
P Pmin 108(”) ||‘YH2 ( )

Using this result together with (A.54), which says that y"Cy < 2 '"AVk3||y|2, we

have the following for large 7,

A?KS
IPIE = v < wi =3 (A.63)
The proof of Lemma A.13 is completed by noticing A in Theorem 3.7. O

Part II of proof — Dealing with variance

The proof for the variance part is two-fold. We first derive a bound on the vari-
ance, which is a function of the number of nonzero groups. We then bound the

number of nonzero groups, taking into account the bound on the bias derived above.

Variance of restricted OLS: Before considering the sparse multi-site Lasso estimator,
a trivial bound is shown for the variance of a restricted OLS estimation. For every
subset P C {1,aL |, p}, we use it to select a subset of columns from design matrix X;
for task i. These columns form a matrix Xiy,. Define Xy, = DIAG(Xiy,, Xop, -, Xicyp ),
and the restricted OLS-estimator with the noise vector €' = (e, ..., €)' is

0¥ = (X} Xy) 'X] e (A.64)

The {,-norm of this estimator can be bounded.

Lemma A.14. Let my, be a sequence with m, = o(f) and m, — oo for . — oo. It holds
with probability converging to 1 for n — oo

N 2log k k
max [|6V[3 < Too P T2

A.65
Pilp|<m, n ﬁu’n(mp) ( :
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Proof. We refer the readers to Lemma 3 in Meinshausen and Yu (2009) and Lemma 3
in Liu and Zhang (2009) for the proof. Here, we again use block design structure of

multi-site problem, the same as in (A.59), to obtain ¢min(m, ) instead of Gpmin(km,, ).
]

The variance of the sparse multi-site Lasso estimator can be bounded by the
variance of restricted OLS estimators, using bounds on the number of active groups.

Lemma A.15. If, for a fixed value of A\, the number of nonzero groups of de-noised estimators
BME is for every 0 < & < 1 bounded by m, then

IBM —BM[F < € max 16°113 (A.66)

with C as a generic constant.

Proof. We refer the readers to Lemma 4 and Lemma 5 in Liu and Zhang (2009) for
the proof. O

Let A% ; be the set of variables in nonzero groups of the de-noised estimator B**.
Define m,, to be the largest number of nonzero groups over all values of 0 < & < 1.

_ P
Then we have km,, = SUPyc s <1 AL el

Lemma A.16. Given 0 < o < 0.5, we have
AR M1 —20)? < [|2X R0 (Y = XBM)|3 (A.67)

where we defined before that X = DIAG(Xy, ..., Xi), YT = (Y], V7). BME is the
transpose of unfolded vector of BM® by rows. X Ap, is Xy whenp = A

Proof. The conditions for the solution of sparse multi-site Lasso are presented in
Simon et al. (2013). We use P rather than p*¢ for notational simplicity in this proof.
We continue to use our notation / to refer the j-th column (here it is a group) of
B, and {3 to refer the i-th element (task) in /. We define X) = DIAG(X], ..., X))
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and X% to be the j-th column of X; for task i. In other words, we allow for (k — 1)p

number of 0 in X).

—2x " (Y — XB) +>\{<x L

—2X (Y= XB) + (1

H—2x1 (Y —XB) H

LetD}, ={j€12,.

A s

Bs

: 1—

e
ﬁ]

B vE

< MWk, when B/ =0.

HB]Hz/\/_

— = Ao, with ||V, <

}:0,whenf317é0, Bl #0,

1, when Bl =0, B/ #0,

(A.68)

., plgroup j is active for BM}. For each j in DY ,, we define 3]

to be the vector of all ) # 0. Their corresponding columns X!s from X/, would

form a matrix XJ. For each j in DY, ,, we define . to be the vector of all B} = 0.

Their corresponding columns X’s from XJ, would form a matrix X’
i «C

(A.68),

P
Die

j=1

Based on the fact that ||a + b3 >

ZHZX (Y = XB)||
Dxa
:Z{?\z(l
j=1

DYe
> {m — )’k
j=1

. Then, from
: o (1B
2X1" (Y = XB)[E > M(1— a2k Y =2 A6
2 2
2 1B
(lall2 = [Ib]l2)?
a 2
23 (ha— il g,
Bl
HHB CHHZ 7\20(2HV1CH§_2)\2 \/_||Hr5 CH||2H )CHZ}
2 2
HB CHZ —I—}\2062||VJ*CH%—7\20((1_‘X) HB CHZ + ||V1C||%
||f5 Hz 13313
P

=A%(1—o)(1

“BLlE A2
1
Z 137113 .

Dfe
—20) ) [[viclls
j=1

(A.70)
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Based on (A.69) and (A.70), we have

P P P
DA& DA& D)\{

12X3z, (Y = XB) Hz—Zsz (Y —XB) Hz—ZHzX) (Y —XB) Hz+ZH2X (Y —XB)|3

(A.71)
& 1R S o
>7\2(1—o<)2kz 2 (1 - o) (1— 200k ) =22 — NPa(1— 2a) ZHV*CHZ
j=1 ”BJH j=1 HB ||2
(A.72)
D
j + j 3 )
> A2 (1 — a)(1 kZ B3 ”f’ wclz —Na(l1—20) > [Vic|3 (A.73)
= IR —
> A1 — ) (1 —2a)kID} | — N er(1 — 20)k/D} | (A.74)
= A*(1—20)°kID} (| = A*(1 — 2a)?|AS (| (A.75)
O

The next lemma provides an asymptotic upper bound on the number of selected
variables, the proof of which is similar to Lemma 5 in Meinshausen and Yu (2009).

Lemma A.17. Assume conditions in Theorem 3.7, with probability converging to 1 for

n — oo,

o4 x
oili}; A} ¢ | < log(f) { (1 + T 2a> ksp + 1 2“\/5} (A.76)
Follow from Lemmas A.14,A.15, and A.17, the next lemma bounds the variance

part of the sparse multi-sites Lasso estimator:

Lemma A.18. Assume conditions in Theorem3.7, there exists a constant w, > 0, with
probability converging to 1 for n — oo,

B — B3 < wyo S OB

(A.77)
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The lemma A.13 and A.18 together complete the proof of Theorem 3.7

Proof of Theorem 3.8:
Theorem A.19. Let 0.4 < & < 1. Assume there exist constants 0 < Pmin < Pmax < 00
such that
o ) (1-&))*
lim inf Guin | sSnlogn (14— Z Pmin
n—oo X
5 (A.78)
lim SUP d)max(sh + mm{Z ni, kp}) < Pmax-
n—o0 i=1

Then, for A x o/filog(kp), there exists w > 0 such that, with probability converging to
1 for n — oo, we have (3.15) with § ={(1 — &)+/sp/k + &/sn/k}?* instead of 5.

The proof is similar to that of Theorem 3.7. Recall that in this case, however, we
do not penalize vk on group penalty. Hence, we have the following result about
bias contribution of Theorem 3.8.

Lemma A.20. Assume conditions in Theorem 3.8. The Frobenius norm of T is then
bounded for sufficiently large values of N\, given a constant w, > 0, by
Slog(k
P < wyo S OB (A79)
Proof. The proof procedure is same as Lemma A.13. But instead of (A.53), we now
have

AT < 2{(1 — &) /5 + &5V 2 = 2VKE [V (A.80)

because we do not have v/k penalization on group penalty. Hence, in Lemma A.20,

we have § = {(1—&)\/sp/k+&y/sn/kf, instead of § = {(1—&) /5, +&/sn/k}*. O

For restricted OLS estimation, we redefine few things here. For every subset1 C
{1, ..., kp} with {p| < Z]le n;, we define Xy, to be the combination of columns from
design matrix X, where X = DIAG(Xy, Xy, ..., Xi). The restricted OLS-estimator of
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the noise vector €' = (e, ..., €x)" is then given by,
g Y,
0% = (X{,Xy) ' X{e (A.81)

For the variance contribution, the proof is similar to that of Theorem 3.7. We present
the required Lemmas for Theorem 3.8 here.

Lemma A.21. Let m,, be a sequence with m,, = o(kil) and m,, — oo for i — oo. It
holds with probability converging to 1 for n — oo
2logkp m, ’

max é‘”g = o A.82
w:|w\<mnH l2 n 2 m(my) (A-82)

Lemma A.22. If, for a fixed value of A, the number of active variables of de-noised estimators
BME s for every 0 < & < 1 bounded by m, then

IBY —BM|F <€ max 0% (A.83)

with C as a generic constant.

Let A} ; be the set of active variables of the de-noised estimator BM*. Let m,, to
be the largest number of active variables over all values of 0 < & < 1. Then we have

_ 1
My = SUPjs IA)\,aI.

Lemma A.23. For any 0 < « < 1, we have
ANe N < [2X5, (Y = XBM9)]3 (A.84)

where we defined before that X = DIAG(Xy, ..., Xi), YT = (Y],..,Y]). BNE is the
transpose of unfolded vector of BM® by rows. X AL, B8 Xy whenp = A},

Lemma A.24. Assume conditions in Theorem 3.8, with probability converging to 1 for

n — oo,

1—
sup IA}\,EI < log(f) {\/ﬁ + T(X\/Q} (A.85)

0<éx]
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Lemma A.25. Assume conditions in Theorem3.8, there exists a constant w, > 0, with
probability converging to 1 for n — oo,

2 k3 loai;(kp)

IB* — BAF < w, (A.86)

Lemma A.20 and Lemma A.25 complete the proof of Theorem 3.8
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A.3 Proofs for Theorems in Chapter 4

In this section, we give the proofs for Theorem 4.4, the two examples in Subsec-
tion 4.4, Theorems 4.9 and Theorem 4.10 (which are the key results used in the proof
of Theorem 4.3). Then proofs for other Lemmas are presented in Subsection A.3.

Proof of Theorem 4.4

The outline of this proof is the same as the outline of the proof for Theorem 4.3.
The key difference here is that, given a ¢-mixing process with 0.781 < 1y < 2, we
are able to derive sharper rates for Theorem 4.10 and Lemma 4.13, which result in

T T Tp—1

m = T2, For ry < 2 this rate is sharper since T™e™ > T "¢ . Specifically, using
the concentration inequality from Kontorovich et al. (2008), we show two Lemmas

which give us a larger m than Theorem 4.10 and Lemma 4.13.

Lemma A.26. Define the event

B111,T =
Ym
{SUP sup 5l — 1152l < 2} :
ik fx€Bu(1)lIfjxll2<ym

b
For a stationary $-mixing process (X¢)i_, with 0.781 < vy, < 2and m = T7e 2, we
have P(B ., 1) = 1 — coexp(—cs(my?,)?) where ¢, and c; are constants.
Moreover, on the event B, 1, for any g € Bgc(1) with ||g|l2 = Ym,

lgll2 3
< llgllir < 5lgll- (A.87)
Lemma A.27. Given properties of Yo, and 82, ; = c4{ 354 +5;€2 }, we define the event
Dm,T :{V] € [1/2/' ||g]||T ||g]H2/2

forall g5 € 235 with ||gj|l2 = Om,;}-
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e
For a o-mixing process (X¢){_o with 0.781 < 1 = 2and m = T o2, we have P(D, 1) =
1 — coexp(—c3(m(min; 6311/1.))2) where ¢, c3 and c4 are constants.

Following the outline of the proof for Theorem 4.3, we replace Theorem 4.10
and Lemma 4.13 by Lemma A.26 and Lemma A.27, which allows us to prove Theo-
rem 4.4.

Proofs for Subsection 4.4

Now we give proofs for Lemmas 4.5 and Lemma 4.7 for the two examples in
Subsection 4.4.

Proof for Lemma 4.5. : Recall our definition of &,,,, by choosing My as My = &, we
have that

log(dT)< log MOdT Jme Wi, 02)

+ \/IJ '_Z min(py, 62)> (A.88)

i=My+1
log(EdT log(dT)
min(pg, 0
T 5

Since min(p;, 0?) < 02, that equation is upper bounded by

36\/%10g(€dT) log(dT). (A.89)

Since &, is the minimal value of o such that (A.88) lower than ¢?, from the upper
bound (A.89) we can show that
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Proof of Lemma 4.7: Before proving &.,, we recall the discussion of €,, Raskutti
et al. (2012). To simplify the discussion, we assume that there exists an integer {,
such that 0% = e(’%“ That assumption doesn't affect the rate which we’ll get for €.
Using the definition of £y, min(p;, 0?) = 0® when i < {; and min(p;, 0°) = p; when
i > {y. Therefore, since p; = (1/i)?*, we have

L |3 minu, 02

m

i=1
1 1 1

< —=4 [ lo?

\/_m\/od a1
= ——0 2

v/m 200 —1

Hence €,, = O(m z+1). For &,,, we still define {, to be 02 = zz% We require the
0

nuisance parameter My > {y, whose value will be assigned later. Again, using

the fact that min(p;, 0?) = 0® when i < {; and min(py, 0?) = pu; when i > £, and
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W = (1/1)**, we have

+ log MOdT \lZmln ul, >

< log(dT) (\/ ”20(—1]\/[20‘ T
log(ModT o1 1
+3 o7 + 2“_ 1 EZoc SV

= log(dT) ( 20( 1 MZ‘X 1
3log(M0dT 2 21 1
200 — 1 20— 1 M%“*l
< log(dT) ( 20c—1
log(MdT) 200 g1
3 « |,
o m Vae—1© o

In order to obtain a similar rate as €,,, we set up the value of M, such that

ocf% Vvm

( \/ %;> — L. In other words, My = ma=iT21, After plugging
M
in the value of My, we obtain an upper bound

20 log(M,dT) 1L
log(dT) (3 o1 i o

Vamildw) )

(A.90)



145

Compare the upper bound (A.90) with 02, we obtain

&m = O(m =71 (log(ModT) log(dT)) 1)

B log(dT)? 2
‘O((T) )

Proof of Theorem 4.9

We consider single univariate function here and use f to refer each fj . Finally,
we’ll use union bound to show that the result holds for every j, k. Before presenting
the proof, we point out that there exists an equivalent class F, which means that

.
1 1
sup T Z f(X¢)we| > sup T Z (X )wy |,
(Ifllac<LIIfl2<0o | © =1 feF =1 A91
sup T Z f(X¢)we| < sup T Z (X )wy
[Ifllac <L fll2<0o t=1 fEV/2F t=1

That function class F is defined as

F={f=) Bi/i®i(x) ) nipi<1}
i=1 i=1

-1
where n; = (min (1, ﬁ—f)) . The equivalence is because of

{flIfllsc <1, ||f]]2 < o}

(0.¢] (9] (.¢]

={f=) Bi/m®:i(x)|) BI<L) wpi<o,
i=1 i=1 i=1
(1) Ziozl max(l,%)ﬁ% <1= Ziozl B% <L Zoil %62 < 1, and (2) Zfozl B% <1,
T HBT < 1= Y max( )R < 3 (
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results for f € F. Let’s define

1 mn
Yo=1 D Oi(X)wy. (A.92)
t=1
Then we have
Yo Vi1 =@y (X,)
n— nfl—f AR Wn,
1
E[Yn - Yn—1|W11 ---ng—l} :TE[(Di(Xn”er ---rWn—l]E[W'rJ =0.

It tells us that {Y,,}] _, is a martingale. Therefore, we are able to use Lemma 4 on
Page 20 in Hall et al. (2016). Additionally, given that ®;(.) is bounded by 1 and
Assumption 1 for wy, we know that

log(dT)
T

1
|Yn - Ynfl| :T ’(DI(XH)WTL’ <

In order to use Lemma 4 in Hall et al. (2016), we bound the so-called term M} and
hence the so-called summation term D,, in Hall et al. (2016), which are

__ , log(dT)*
M! = E[(Yy— Y1) wy, e, wiq| S M—2——,
n tZ_l [( t 1) Wi, e, Wy 1] n Ti
and
_ Pt pt log(dT)t
D= X O < 3 S
i>2 iz2
-n <eplog(dT)/T 1 — Plog(dT))
T 7

for any nuisance parameter p. That bound on D,, is defined as D.,.. Then using the
results from Lemma 4 in Hall et al. (2016) that max(E[e?Y], E[e=°Y"]) < ePr for a

martingale {Y,,}! _; and the Markov inequality, we are able to get an upper bound
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on the desired quantity Yy, that is,

P(Ynl = y)

< E[eP!Ynl]e=PY < (E[epYn] + Ele pYn]> e Py

< 2eDnoy (A.93)
1 T

_ 2exp(n(epl°g(dT)/T —1— %(d)) — py).

T

By setting the nuisance parameter p = dT log(nlog a7 + 1), that yields the

Ty
P(IVal > y) < 2exp (_“H (W)) ’

where H(x) = (1 4+ x)log(1 + x) — x. We can use the fact that H(x) > z(i—’jfg) for

lowest bound

x > 0 to further simplify the bound and get

P(|Y,.| > y) < 2ex 3Ty
nl Z Y S 2exp 2Tylog(dT) + 6nlog(dT)?

Plugging in the definition of Yy, this result means that

VR
|
[OF]
-
N
«
(S

2Tylog(dT) + 6nlog(dT)? )

Then by setting n =T, we get

P ( t| = U)
(A.94)

< 2ex —3Ty*
s “&xp 2ylog(dT) + 6log(dT)?

1T
T Z O (X¢)w
t=1
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Using union bound, we obtain an upper bound for the supreme over M, such

terms, which is

1T
T2 OXaw

g ) (A.95)

( sup
1= 12,..,M0
3Ty
J +log(2M0)).

S exp (2 I
ylog(dT) + 6log(dT)?

which

We will show next that (A.95) enables us to bound sup,, Zt 1 F(Xwy,

is our goal. First, we decompose it into two parts

T 00
= sup %Z (Z Bi\/mq)i(xt)> Wy
t=1 \i=1

XZimipisl

0 T
= sup %Z Biy/itt (Z <Di(xt)wt>
i=1 t=1

Y 2imiBi<l

My T
< sup %Z Biv/ii (Z dmxt)wt)
YEZimiBit i
Z Biv/it: <Z<D (Xow >

i=Mp+1

+ sup
> Tliﬁ%<1

The second part can be easily bounded using Assumption 1 in following
sup
Zgil i ﬁ% <1

< sup Z Biv/1ilog(dT).

YRSl i=My+1

| ()

l M0+1
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Using Cauchy-Schwarz inequality, this upper bound is further bounded by

sup J Z mB%J Z 1%log(dT),

Y amiBI<l | i=Mg+1 i=Mo+1

which is smaller than

i=Mp+1 i=Mp+1

i log (dT) J Z min(u;, 02) log(dT).

Our next goal is to show that we can bound the first part

sup
YZamipi<l

1 Mo T
T Z B1\/E (Z (Di(Xt)Wt>
i=1 t=1

using (A.95). To bound that, simply using Cauchy-Schwarz inequality, we get

sup
YZimipit

M, Mo /1 T 2
< sup > nib? 1171 <T > (Di(xt)Wt>

1 Mg T
T2 Bivi (Z <Di(xt)wt>‘

t=1

MRkl \ i=1 i=1 t=1
Mo " 1
i
< E — su —E O (X¢)wy
— My i— T
i=1 1—1,2,4.,M0 t=1

Using (A.95), we show that the first part is upper bounded by

Moy
Z mln( Wi, Gz)y
i=1
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with probability at least 1 — exp < 5y Tog( d}ﬂélog ae 10g(M0)>. Therefore, after
combining the bounds on the two parts, we obtain the upper bound for
1T
sup | Z (X )wy
feEV2F | * t=1
, which is
1T
sup TZf(Xt)Wt <
feEV2F |~ t=1
MO oo
V2 (4| 2_min(pg, 02y + | > min(w, 0?)log(dT) |,
i=1 i=Mg+1
with probability at least 1 — exp <2y Togl d}‘;’glog e T 10g(M0)>. Further, after

applying union bound on all (j, k) € {1,2, ..., d}* and recalling the connection be-
tween {f|[|f]|sc < 1, |f|]2 < o} and V2F, we can show that with probability at least

I —exp <2y log(d;?16log o T log(Mo) + 210g(d)>,

1 T
=) faXewy;
t=1

sup
15 llac <15 xll2< 0

My
V2 (J Zmin i, 02)y J Z min(uy, o log(dT))

i=My+1

<

for all (j, k) € {1,2,...,d}* and any My, y.
(log(ModT))log(dT)
VT

Finally, by settingy = 3 , we obtain that, with probability at
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1
MoT”’

Sup
15| <L f5 x]l2< 0

< \/Elog(dT) <3(log ModT)) \lme (uy, 0

bl 5 i ))
i=Mp+1

Here, we assumed T > 2, log(M,dT) > 1. Our definition of &,, guarantees that, if

0 > &, then

M,
\/Elog(dT) (3%\/@ Z min (i, 02)

i=Mg+1

<\/§~/n%crz

+ J S minu, o)

That completes our proof for Theorem 4.9.

Proof of Theorem 4.10

Since we have |[|/fj ||« < 1, it suffices to bound

Ym
P (SUP sup 65llT = IF5cll2l > = ) -

jk fix€Bac (1) x2Sy m
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The proofs are based on the result for independent case from Lemma 7 in Raskutti
et al. (2012), which shows that there exists constants (&1, ¢,) such that

1 & . v2
Po (Sup sup I D X = Il = 1‘8)
t=1

ik f5€BH (1)1 xll2<Ym (A.96)

< élexp(_EZm’Y%'L)/
where {X}I, are i.i.d drawn from the stationary distribution of X; denoted by
Py. Let T = mf. We divide the stationary T-sequence X1 = (X, Xy, ..., X1) into m

blocks of length {. We use X, to refer the b-th variable in block a. Therefore, we
can rewrite

-

1 v

P | sup sup =) (X = [If Bl >

. T ) 4
Jk fc€Byc (15 ll2<ym 7 =1

as

P ( sup sup

Jk i c€Bac (1)1 fikll2<ym
4 m
1 1 2 ) v2
2 2 BaclXap) —[16l3 > T ).
b=1 a=1

Using the fact that sup|)_..| < > sup|..], (A.97) is smaller than

(A.97)

¢
1
P (2 Z sup sup

b=1 3K f5x€Bs(1)[Ifjxl2<Ym

1 & ) YR
=) BXap) = Ikl > T2 ),
a=1



which, by using the fact that P(% Zle a; >c¢) <PUL_ (a; =¢)) < Z?

i=1 P(ai >
c), is bounded by

0
Z P < sup sup

b=1 jk fjx€Bac(1)[If5xll2<ym

1y 2 2 Y%n
by D fFxXap) = IIfi k3 > ik
a=1
Using the fact that the process is stationary, it is equivalent to

EP(sup sup
ik £ €BH [ kl2<ym (A.98)

1 & 12
=3 Bulan) — Il > ;).
a=1

Our next steps are trying to bound the non-trivial part in (A.98). Because of
Lemma 2 in Nobel and Dembo (1993), we can replace {X,1}5" ; by their independent
copies under probability measure Py with a sacrifice of m(¢). Then we are able to
use (A.96) to bound the remaining probability. First, using Lemma 2 in Nobel and
Dembo (1993), we have

P ( sup sup

jk i c€Br (1) |Ifikl2<ym

1 « , ;Y
ey D X = [Ifj kI3l = v
a=1

< Po (sup sup
ik i €Bac (1) [ kll2<ym

1 & 2
b D B Xae) = Il > Yi“) +mp(L).
a=1
Now, using (A.96), it is bounded by

¢rexp(2log(d) — &my? ) +mp(L).
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Therefore, we get

P ( sup sup

ik fi€Bac(1),[1fjxll2<Vm
.
1 2 2 Y;
I3 D Xe) = [Ifil3l > =
t=1

<[{P ( sup sup

ok 5 €Bac (1), xll2<vm
llifz (Xae) = IIf; H2>V3“>
m &~ jk\ Nt jkll2l Z =
< {erexp(2log(d) — Eamyi,) + T(0).

Recall that { = T/m and the definition of 3({), which is equal to {~"¢, that bound

hence is ,
T —r
¢iexp(2log(dT) — Emy> )+ T (n—l) .
corp—1 —1
Recall our definition of y,, with my?, > cflog(dT) and m = T “" , hence that
probability is

(Egexp(—é4myil) + T_<ngQ)) ,

for some constants ¢; and ¢,. That completes the proof. For the follow-up statement,
condition on the event B, 1, for any g € By(1) with |/g|l» > Ym, we have h =
Vmﬁggn_z isin By¢(1) and ||h|l2 < Ym. Therefore, we have

< Ym
~ 2 7

\uvm e =y | <

9] 9]

which implies

1
llgllr = ligll2l < 5llgll2-
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Other proofs
Proof of Lemma 4.11. The statement which we want to show is equivalent to

f.
Zf]kxtwtﬂ V26 locy | T (7 + Ml (A.99)

15 xlla¢

for any fjx € 3, for any (j, k) € [1,2,..., d]*
For each j, k, we define

Sup
50 17 <&l f5 i lloc <1

-
Z k(Xt) Wil -

e

Zrixw;l) =

We claim that on event A, t N By 1,

Zrjp(w;t) < 4v2, ?(ffi +Ymb), (A.100)

for any (j, k) € [1,2, ..., d]>.We give the proof in following.

Proof. Based on the sandwich inequality in Theorem 4.10, for any g € By (1), any
0 = Ym, Wwhen ||g|[2 > 20 > vm, [|g]|T ”9”2 > 0. Therefore, for any o > vy,

if | g||T < o then ||g]|2 < 20. (A.101)

Using this fact, we proceed the proof in two cases.
Case 1: If { < ¥, then

1 T
ZT,j,k (W; ﬂ) = sup = Z fj,k(Xt)Wt,j
15 1T <l f5llae<T 7 1=
T
1
< sup = Z i (Xt )we ] -
5l <Tmllfixllae<l © =1
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Since Ym = Ym, using the fact (A.101), we get

1 T

sup = E 5,1 (Xe Jwe 5 -
155 122V ml fi xllac <1 © =1

Z1ix(w;l) <

Further, since ¥,,, > €,,, we are able to use Theorem 4.9 and show that

Zrix(w;l) < 4\/5\/ n%?n

Case 2: If { > ¥,,,, we use scaling on f to transform it to Case 1, hence we can
show a bound in following.

Z1;x(w; i)

-
1
sup T Z K (Xe)wy 5
5 T <l f5pllac<T 7 1=

-
¢ 1 y
- sup = Z mfj,k(xt)wt,j
Ym | ¥m 3 Ym Ym T 13
1 T <V [ Facllae <SP t=1
<
0 T
Y sup Z Xt Wt]
Ym (15T <Vm, Hf]kH‘Hgl t=1
<
4ﬁﬁeym.
T
Therefore, statement (A.100) is true. O

Next, we use proof by contradiction to prove (A.99). If (A.99) fails for a function

9, we can assume ||V, ||s¢ = 1, otherwise, statement also fails for . Then we
ik ik

0,
Hfokl\



157

let€ = ||f kHT Now ||f k”T ﬂ Hf k||j{ 1 but

Zf (X)W,

M\/ T2l + Va9 ]I 7)
=4v2,/ ?(ﬁn + ),

which contradicts (A.100). Therefore, (A.99) is true. O

Proof of Lemma 4.12. First, using Theorem 4.10, on event B,,, 1 for any (j, k) €

[1/ 2/ cees d]Zr
Ym
27

for all fjx € Bg¢(1) and |/fjx[[2 < Ym. On the other hand, if |/fj || > Ym, then the
sandwich relation in Theorem 4.10 implies that ||f; ||+ < 2||f;x||>. Therefore, we

15l < [l + - (A.102)

have
||f]k||T 2||f)k||2+—for all f]k € Bg{(l)

The proof is completed by noticing g; x = 2fj . O

Proof of Lemma 4.13. First, we point out that we only need to show that
Igillt = dm,;/2 for all g; € 235 with [ gjll2 = dm,j,

because if ||gj||» > dm,;, we can scale g; to HZL”’ g;, which belongs to 27; as well since

HégT;‘HJ < 1. We choose a truncation level T > 0 and define the function

u? iflu <t
e'c(u):{ )

7= otherwise
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Since u? > £.(u) for allu € R, we have

i

T 1T
Z JZ Xt = T Z g) Xt
The remainder of the proof consists of the following steps:

(1) First, we show that for all g; € 2F with ||g;|| = 8 ;, we have

Lor o 6311,)’
(2) Next we prove that
1 ¢ 52,
sup T D te(gi(Xe)) — Ellc(g(X0))]| < = (A.103)
95€255,119jl12<8m;3 | t=1

with high probability for 3 mixing process with v > 1/c,.

Putting together the pieces, we conclude that for any g; € F; with ||gj|l2 = dm,;,

we have .
1 2( 1 5%n,j 5311,5 5311,1'
TZQ] Xt) = TZRT gj (Xe)) = 5 - 4 = 4’

t=1 t=1

with high probability (to be specified later). This shows that event D,,  holds with
high probability, thereby completing the proof. It remains to establish the claims.
Part 1. Establishing the lower bound for E[¢.(g;(x))]:

Proof. We can not use the same proofs as in the independent case from Raskutti
et al. (2012), since each element from the multivariate variable x = (x4, ..., xq) is not
independent from others in the stationary distribution. That is the reason why we

need to have Assumption 4. In the independent case, Assumption 4 is shown to be
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true in Raskutti et al. (2012). Note that

gj(x) = Z gj,x (%),

kel
for a subset U of cardinality at most 2s;, we have

Elt-(g;(x))] = Elgi(x)1llg; (x)| < ]
= 81,5 — Elg ()Ml g; (x)| = .

Using Cauchy-Schwarz inequality and Markov inequality, we can show that

(Elg} (x)Illg; (x)| = 1)* < Elg} (x)IP(|g; (x)| = 7)
82, .
< E[g}*(X)]ﬁ-
Since E[g}(x)] < C82_ ; = CE[g?(x)] given by Assumption 4, by choosing T > 2v/C,
we are able to show that

Lo 2 ey
Elt<(g;(x))] = FElgi(x)] = —=.

Part 2. Establishing the probability bound on

D Lelgi(X0)) — Elex(g5(X41))]

t=1

=

{ sup
9;€255,[19j12<0m

2
<Lm'j ,
=4

Proof. Similar as the proof of Lemma. 4.11, we base our proof on the independent
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result from Lemma 4 in Raskutti et al. (2012), which is

Py ( sup
95€295,[19j 2<8m,j

82,5 ) (A.104)

a=1
5 2
Xp(—Comdy, ;).

We let T = ml. Using the same facts and results as in the proof for Theorem 4.10,
we have

62
P TZ] < sup
9j€255,[1gj[12<0m

;
£ ) telgy (X))~ Eltelg; (xlm| )

52 .
=P % < sup

¢ m
EZ%Z E[ﬂr(g(xa,1))]|>

5% .
m,
< APy ) < sup
9;€235,119j[12<8m,;

4
Z eT(gj(Xa,E)) - E[eﬂt(g(xa,ﬁ))]‘ ) + TB(F’)

Using (A.104), we conclude that it is upper bounded by
T\ ™
861exp(—62m63nj) +T (—) ,
' m

which is then upper bounded by czexp(—¢smd3, ;) + T " for constants 3,64 O
Now, we proved that all claims are correct. Therefore, we complete the proof. [J

Proof of Lemma A.26. For ¢-mixing process with 0.781 < ¢ < 2, we can use the
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concentration inequality from Kontorovich et al. (2008) to show sharper rate in
Lemma A.26 than Theorem 4.10. That concentration inequality is presented in

following.

Lemma A.28 (McDirmaid inequality in Kontorovich et al. (2008); Mohri and Ros-
tamizadeh (2010)). Suppose S is a countable space, Fs is the set of all subsets of S™, Q is
a probability measure on (S™,Fs) and g : S™ — R is a c-Lipschitz function (with respect
to the Hamming metric) on S™ for some ¢ > 0. Then for any y > 0,

2
P(lg(X) —Eg(X)| > y) < 2exp <_2n02(1 + 292“1 d>(€))2> '
=1

Its original version is for discrete space, which is then generalized to continuous
case in Kontorovich (2007). Here, we use its special form for the ¢-mixing process
which is pointed out in Kontorovich (2007) and Mohri and Rostamizadeh (2010).

For our statement, as pointed out in the proof for Theorem 4.10, since we have

[|f,xll0 < 1, it suffices to bound
2 2 < Ya
Ploup  sup B ) . (a0s)
jk f5€Bac (1), |If5 xll2<ym

The proofs are based on independent result from Lemma 7 in Raskutti et al. (2012),
which shows that there exists constants (&1, ¢,) such that

1 — - 2
Po (sup sup nflzf?,k(xt)— I1£5,ll5| = le8>

ik f€BR () xll2<Ym t=1

< Erexp(—Emy?d)),

where {Xt}g; , are ii.d drawn from the stationary distribution of X; denoted by P.
Now, we can use Lemma A.28 to show the sharper rate. Recall that ||f; ||« < 1,

we define
g(X) = sup 1515 — N5 [131-

i €Bac (1)1 xl2<ym
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Then,
1g(X) —g(Y)I

< sup ZkaXt —TZf)kYt

fj,keBJHI(U/Hfj,k||2<Vm

1
< fdiStJ{M(X, Y),

where dists v (X, Y) means the Hamming metric between X and Y, which equals to
how many paired elements are different between X and Y. Thus, we know that g(X)
is $-Lipschitz with respect to the Hamming metric. Therefore, using Lemma A.28,
we show that

Ym
P (190x) — Egix) > )

Tyt
< 2exp [ — .
S 2P ( 128(1+25 1. ¢(e))2>

Using the fact that ¢(£) = {7 "¢, we show that probability is bounded by

O(exp(—min (T2, )y ).

m

If we use union bound on d? terms, that is at most O (exp (2 log(d)—min(T?"¢~1, T)y? )).
1+ 2rg 1)
Since 0.781 < 1y < 2, we show that T?"¢ 1yt =m 7oy =Q(m?>y*)and

T +2
Tyl =m o Vi = Q(m?y1,). Therefore, the probability is at most coexp(—cs(my?2,)?)
for some constants (c», c3).
The remaining proof is then to show that Eg(X) < %. In other words, we need
to show that for sufficient large m,

.
1 2
E sup T E (Xe) = [If5ll3] < %ﬂ (A.106)

ik €Bac (1)1 fixll2<ym _

First, we use the same fact and results as in the proof for Theorem 4.10 to show
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that

E sup Z K (Xe) = (15113
L5,k €Bac (1)l fjxll2<vm

|

e 1 &
2
E sup i Z i~ Z =I5l ]
LT cEBac (1) f5xle<Ym | ¥ b=1 = a=1
<
1 & 1 &
2 2
1 Z E sup m Z fj,k(xa,b) = If5xll2 ]
b=1 Lfix€Bsc(1)lIfjxl2<ym a=1

E

1 m
2 2
sup — D faXad) = Ifixll3
fikEBac (1)1 xll2<ym a=1

Using the fact that E[Z] = E[ZI(Z < 3)] + E[ZI(Z > 3)] < & + ||Z]|P(

d) and
[|f5,x|lc0 < 1, we show an upper bound

o+

2]P> ( Sup 6) ,
5, €Bac (1), f5xll2<Ym

for any 6 > 0. As in the proof of Theorem 4.10, we use Lemma 2 in Nobel and

Dembo (1993) to connect the dependence probability with independence probability,
which gives us

1 m
- D Xae) = I ll3] >
a=1

§+ 2P ( sup 15030 — (15, 013] > 5)
fj,keB:}(

(1)/Hf]’,k”2<‘Ym

<O+ mop(l)+

Po < sup 150l 2, = [IF5.15] = 5> :
5 €Bac (1), fjcll2<t
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We choose 6 to be %, then using (A.105), we have the upper bound

'YZ 2 2 VZ

=+ md(L) + Py sup Il — Ifll2] = =

10 fEBy (1), flh<t | : 10
,YZ

< 1—8 +md (L) + &rexp(—Emy?,).

We require my?, = Q(—log(ym)), which is the same as Raskutti et al. (2012). Based
on our assumptions, m¢({) = m(m? ™) T¢ = m~! = o(y2 ) since my% — oo as
m — oo. Therefore, for sufficiently large m, that expectation is bounded by %.
That completes the proof.

For the follow-up statement, condition on event B, 1, for any g;« € Bsc(1) with

gjxll2 = Ym, we have h; . = angg;ﬁ is in By¢(1) and ||hjx|l2 < Ym. Therefore, we
have
sl
195,ll2 [l lgixllz2lll ~ 2

which implies
1
g5 xllT = llgsxllzl < 5 ligjxlla-
O

Proof of Lemma A.27. We follow the outline of proof for Lemma 4.13. The only
difference is here is the proof for showing

82 .
sup g %,

gj 623:’11”91 H2<5m,)

]
T3 telgy(Xu) ~ Eltelg(X,)
t=1

with high probability for ¢ mixing process with 0.781 < r < 2.
To show that, we use Lemma A.28 as in the proof of Lemma A.26 and define

h(X) = sup
95€2F5,119j[12<8m,;

.
%Z telg5(Xe)) — E[eT(gjtxlm‘ :
t=1
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We have
[h(X) —h(Y)]
1 T
< sup TZ(eT(gj(xt))—eT(gjm)))‘
9;€255,119j[12<0mj | ' 1=1

2

< TTdiStU{M(X/ Y),

which give us

8 .
P (Ih(X) —Eh(X)] > ﬂ)

&
<0 (exp (— min(Tzrd’l,T)%))
< caexp(—cs(mé3, ;)?),

following the same analyses as in the proof of Lemma A.26.
As in the proof of Lemma A.26, we then need to show that for sufficient large

m,
1 T
E sup 7 2 telgi(Xe)) — Elte(g;(X))]
9;€2375,119;112<8m,; t=1
2
<Lm'j,
=8

Using the same facts and results as we mentioned in the proof of Theorem 4.10
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and Lemma A.26, we show the upper bound in following.

T
1
E  sup Tngj(xt))—E[eT(gj(xlm‘
9; €255,119112<0m t=1
<
1 m
E sup - Zh(gj (Xa,e)) —E[QT(gj(Xa,e))]|
9;€253, 19 12<8mj | ™ a1

<

§ +27°P < sup
95 €2F,[1gjll2<8m,;

LY telgy(Xa)) — Eltelg; (X))
a=1

o)

<
5 + 2T°ma (L) + 27%P, ( sup
9; €255, 92K 8m,j
1 m
- Z lc(g5(Xae)) —Elc(g;(X))]]| = 5)
a=1
<

52 .
% +2T°mob (L) + 2P, ( sup
9j€255,[1gjl2<0m

2
> Bm,j
- 12

LY telg(Xa)) ~ Eltel(g;00)
a=1

<
82 .
% +27md () + 20 exp—(Eamdy, ),

2
6111.,]'

which is bounded by —“ for sufficiently large m, using similar arguments as in

the proof for Lemma 4.11. That completes the proof. O



167

A4 Supplement for Chapter 5

In this section, we first discuss the extensions of the model to multiple outputs and
classification and discuss how to incorporate the bias terms in NN. Then we show
the proofs for the theorems in the main body. Finally, we present details for models

used in experiments and provide more experiment results.

The extension to multiple outputs, classification and including

bias terms

For the outputy € RY, we permit our computation skeleton to have d output nodes
as well. Then after we run our construction algorithm, we obtain a BNN with d
outputs f" at the last layer. Then the analysis and properties for the single output
case also hold for the multiple output case.

In regression task, we assume the likelihood p(y[F") of the output y to be a
normal distribution, given the input matrix X with n samples and the relevant
output F" at the last layer of BNN. We output F" to estimate the mean of y. The
relevant loss in the optimization of ELBO is the mean square loss. This is usually

considered for the regression task. In a classification task with y € {0, 1, ..., k} in k
categories, we assume the likelihood p(yi|FL) = ZSE# for1 <i< n. Then
the relevant loss in the optimization of ELBO is

1 exp(Fy,,)
Z ( 1exp( )) '

We can add bias terms into the framework. The bias term with random weight

can either be incorporated into the construction of RB Daniely et al. (2016) or be
treated as a parameter in the BNN Gal and Ghahramani (2016). We refer one to see
these two works for incorporating bias terms.

Remark. The statements for the extension to multiple outputs and classification
hold for DGPs as well.
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Proofs for theorems in the main body

In this section, we give the proofs for theorems in the main body.

The proof for the relation between activation functions and kernels

First, we prove theorems on the relation between activation functions and kernels.

The uniform concentration bound for C-bounded activation functions and
its proof

First, we present the uniform concentration bound for C-bounded activation
functions and its proof.

Theorem 0. If the activation function ox is C-bounded, meaning it is con-
tinuously differentiable and ||ox |, 0%/l < C, then for every 1 < £ < L, on
a compact set M € R¢ with diameter diam(M), with probability at least 1 —

cidiam(M)%exp {_ﬁ}’

sup FEET (), £ () — K (), £ () < e,
o611 (x)), o (£ 1 (x) €M

for a constant ¢; > 0.

Proof. (a) For a C-bounded activation function, since ||os(+)|lo < C, for fixed £*~1(x)
and f*1(x’), the r random variables {o (o (f' 1 (x)) "wi) ogc (o (£ (x7)) Twi)}T_, are
independent and lie in a bounded interval [-C, C]. Then using Hoeffdings” inequal-
ity, we get that

2

P (£ (x), £71(x) — K (x), £71(x)) > ) < 2exp(—2T€

o) (A1)

Next we show that for a compact set M of R¢ with diameter diam(M), with

a4
probability at least 1 — 2! (M> "exp {—8(—2},

TE
e2r 1+d)C2
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sup
o(f*=1(x)),o(f-1(x"))eM

(£ 00, £ (x)) = KEHETT (), £ () < e

Since M has diameter diam (M), we can find d-net that covers M using at most
T = (4diam(M)/8)? balls of radius 6. Let {A;}]_; denote the centers of these balls

Then using (A.107) and union bounds, for any two centers, such as A; and A,, with

probability at least 1 — 2exp(log(T?) — 25&;),

K (A1, Ag) — K (A1, Al < 5 (A.108)

For the function u(x,x’) = K¢(£1(x), £ 1(x')) — KL(£ 1 (x), £ 1(x’)), we have
the inequality from partial derivative that

N m

[u(x,x") —u(x0, %) < Loy (lo (£ (x)) = (£ (x0)) [+l (£ (x")) — o (£ (xg))l2),

(A.109)
where

_ 1y 00Ol ) W) oy

Lo S 218 s e @ eent Iz —~  0o(f'(x)) ool b)) v
Q0se(of ()W)

W E OO ) Tl

1y 00(0f ) W)
=1 Y T ey ool ) Tw)

=1

Qo (ol ()W)
B ool () W)l

We also have that



T =1 (%) Txar.
B2, — Bl Y 2 ool ) )

dosc (o(£f1(x*)) Tw)
oo (f1(x))

1§ dom(o(f ()W)
=Bl Y Saeip) oo ) Wl

3o (a(£1(x*)) Tw)
o0 (f1(x))

1 00 (£ (x) Twy) o

=7 LB ) oo il

1, dox(o(f1(x*)) w)

~ 2B do(f-1(x))

—Ew oac (o (£ (x)) w3

— [[Ew oac (o (£ (x)) Tw)ll3

osc (o (£ (")) Tw)I[3

1 T
< 5C' ) Elwili
i=1

Ctd

T

Therefore, by Markov’s inequality,

€ 1662 1662C*d
> —) < EL? <
P(LO'K = 46) X EI—UK €2 X 621”

Then using Eq. (A.109), with probability at least 1 — 165:%4‘1,

€
’U(X,X/) _u(XOIX(;)’ < E

This inequality combined with Eq. (A.108) enables us to conclude that

sup £ 00, £ () = KEHETT 00, £ () < e

o(f1(x)),o(f 1 (x))eM

170
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with probability at least 1 — 84 — Dexp(log(T?) — 2'<). Recall that T =

(4diam(M)/8)9, so the probability has a format of 1 — k8% — k2624 for 6. By
_2d
1

_2
setting & = E—jﬁd, we have the probability as 1 — 2k k;**¢. So the probability is
at least

Proof of Theorem 1 for ReLU

We have seen how to control the distance between empirical kernel and the
expectation kernel uniformly for C-bounded activation functions, now we present
the proof for ReLU activation functions.

Theorem A.29. If the activation function oy is ReLU, then for every 1 < { < L, ona
compact set M € R with diameter diam(M) and max e ||All2 < e, with probability

at least 1 — cicppdiam(M)2exp {_8(14:32)# 4
M

sup FEE ), £ () = KHET ), £ X)) < e,
o (f1(x)), 0 (£ (x)) €M

for a constant ¢, > 0 and a parameter vy depending on M. Here, M specifies that we
require o(f'71(x)) and o(£*1(x’)) to be two vectors in M that are not collinear.

Proof. For the ReLU activation o (x) = max(0, x), we use concentration bound for
sub-exponential random variable to show the result for fixed points. We define u =
og(o(f71(x)) W) ok (o(£71(x")) "W). Our first goal is to compute E,, [e*]. Since w
follows a normal distribution that is symmetric, how we choose axis does not influ-
ence the results. Therefore, we choose axis such that o(f'~1(x)) = e1]|c(f*1(x))|
and o(f*1(x’)) = (e; cos 0+e, sin 0)||o(f*1(x’))||, where e; and e, refer to standard

vector for the first and second axis. We denote C; = ||c(£*~1(x))|]/|lo(f*1(x))]l, <

2
CM-
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1 (™ o0 1 (10212 ;
Ew [eAu] — 2_ dW1 dwzefi(lerwz)e?\Cf max (0,w1 ) max(0,wq cos 0+w, sin 0)
7T

—0o0 —0o0

We switch (wy, w;) by (W1, W) = (wq, wy cos 0 + w, sin 0), then we get that

N 1 o0 * B e L
Ew[e™] =5 — eJ dle dwe Zomet e,
7sin O Jg 0

We switch (Wq, W) by (7, $) with W, = ¥sin ¢ and W, = ¥cos ¢, then we get
that

1 7-[/2 ~ OO~ - _~21—sin2<~bcose ~27\Cfsin24‘)
Ey[eM] = >7rsin O de | FdFe ' amez " 2,
7T SIN 0 0

Through the known mean calculation of half normal distribution that

o oo

NG xdx—a\/T_texp(—z—C12
for any a, we know that

x
2a?

for any a. We use this relation to calculate the integral of ¥ and we get that

a? = J xdxexp(—=—),
x>0

7T/2 . 2
Eple™] = J ad B _
27tsin 0 J, 1 —sin2¢ cos® — ACy sin 2¢ sin 62
sin 0 J”/Z 1
= d(x, N ’
21T Jp 1 — cos xcos ® — AC cos & sin 02

by switching ¢ to « = 2¢ — Z. It is known that
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Ji do 1 _ 1 i sin@sing
0 1—cosxcos® sin® cos& —cosO /)’

which can be verified by calculating the derivative of the right side Cho and
Saul (2009). Therefore, by setting & = 7,

T 1 m—0
2d = .
L (xl —cosxcos®  sin®

We define y = arccos(cos 0 + ACy sin 62) for 0 <y < 7 under the requirement

that
_1+cosG <rg 1—cose.
Cssin 02 C¢sin 02

Then we get that

sin@m—y

EwleM] = o siny
7T osiny

Since 0 < v,0 < 7, now we further assume that —=>5 < A < ==, then

cos© — b < cosy < cos 0 + b. For a enough small b, we have that

3(m—0)

Ew Auw <
™ 47

(A.110)

From Cho and Saul (2009),

2
E,Aul = }‘ﬂcf (sin O + cos 0(7t — 0)).

Therefore, we combine it with Eq. (A.110) to get that

Ew[e}\(u,[gw[u])] < 3(m—0) exp(_}\ch(sil’l 0+ cosO(m—0)) J
47t T
for — =25 < A < 25 with a enough small b.
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Because for 7 < 0 < 7, cos0(rt—0) > cos 0 tan(t—0) = —sin 0 > 0, we always

2C¢(sin ©+cos O (7t—0)
T

) > 0 and it monotonically decreases to zero at

CZ
——¢ —  that can guarantee
2108 (5% ) &

can define ¢ =
0 = 7t. Then we define v =

27\2
E[e* =] < ex]o(—v2 ),

for |A| < ﬁ. This means that u follows a sub-exponential distribution and

now we can use concentration bound to derive that

e2 2
a2 if0 < e < L8
Pllu—E[u| > €] < { e M HOS €S e

vZb
"

o €b
2e 2csme? for € > —

C

Therefore, for a small error €, we can consider that

€2
Pllu—E[u]| > €] <2e 22,
The concentration inequality also applied to the average of r independent ran-
dom variable u;, which are defined for r independent w;. It shows that

TE

1 T
P~ ) wi—E| > €] <2 2. (A.111)
T i=1

Therefore, we obtain the concentration bound for fixed o(f'~!(x)) and o (f*~(x’)).

Next, we show the result for a set M. When ||o(£~1(x))]l2/lo (£~ (x"))]l, is bounded
and the angle between o(f'~!(x)) and o(f*~!(x’)) lies in (0, 1) meaning there is no
collinearity, then we have an upper bound v for v depending on that two condi-
tions. Therefore, we similar choose T balls with radius & to cover M as in the proof
for Theorem A.29. Let {A;}{_, denote the centers of these balls. Then using (A.111)
and union bounds, for any two centers, such as A; and A, with probability at least

1—2exp (log(Tz) — %),

K (A1, A9) — K (A1, A < 5 (A112)

N m
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Then for the function u(x, x’) = K1 (x), £ (x’)) — KL (£ (x), £ 1 (x")), we
have the inequality from partial derivative that

[u(x,x") —u(x0, %) < Loy (lo(£ (x)) = (£ (x0)) [+l (£ (x")) — o (£ (xg))l2),

(A.113)
where
L —ar max ||1i aGﬂc(U(le(X))TWi)G ({1 (x'))Twy)
ox T o xen T do(f1(x)) x '
dosc (o(f 1 (x))"w) o
—Ew O—:Ka(;(le();)) hid Uﬂ((o-(fe 1(x ))TW)HZ
dox (o(f 1 (x*)) Twy) 1T
—||—; T ool (X)) Tw)
5, 22O W (1 7)) T e

do(f1(x))

We also have that

£—1(y*
EL, = 2ZE||5‘”’<( e M g (o) Twi

:
1 d0x(olf ()W)
S T )

1 Texr.
< rzZ [ agff@ 5( B " g (o€ (x) Two) .

ogc (£ (x™)) Tw)l3

Since ok is ReLU, [|o4 |l < 1, therefore we get that

1
BL2, < ~Elox(o(f (x")) w)liwlB.

Again, since w follows a normal distribution that is symmetric, we choose axis
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to satisfy o(f*"1(x"*)) = ej/|lo(f* 1(x’*))ll». Then we do a calculation,

d
1 e e (o) o
EL;, < ;HG(fe_l(X N| dw {J sz---J dwa(wy ZW?)P(sz--,Wd)}P(Wl)
) j—1

JO —00

= ot )l :o dwi(w? + (d — D)wi)p(wr))
= o )l :o dwi{(d+ 3)wip(w1)}
= oty 292

V2(d+3)en
N

Therefore, by Markov’s inequality,

<

€ 1652 16v/2(d + 3)ca8?
P(L,. > —) < EL2 < )
(Lo 46) oK g2 V/Ter

Then using Eq. (A.113), with probability at least 1 — w\ﬁf;i;;ei)fw,

€
>
This inequality combined with Eq. (A.112) enables us to conclude that

|'LL(X,X,) - u(XOI X6)| <

sup K (), £ (x) — KHE T (x), £ (X))l < e
o(ff1(x)),o(f-1(x"))eM

with probability at least 1 — 16\5\(/(1%;;?”“62 — 2exp <10g(T2) - Srvezz ) Recall that
M

T = (4diam(M)/8)4, so the probability has a format of 1 — k6% — k824 for 5. By

1 2d 2
setting & = 227, we have the probability as 1 — 2k;* k;"*. So the probability is

at least
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d

L gi0 (cm(d+3)diam(M)2)”d exp {_8( re? }

e2r 14 d)v3,

]

The relation between random feature Cutajar et al. (2017) and inducing points
approximation Salimbeni and Deisenroth (2017)

First, we review the algorithm in Salimbeni and Deisenroth (2017) based on inducing
points and doubly stochastic variational inference.
In the background section, we introduced that a L layer DGP can be represented

by

n L
p(y, (FYi) =] [ puilf) H (FYE),
i=1 =1

where F* € R4 for(0 < { < Land FF € R™*!, with FY[F*~! ~ N(0, X¢(F* 1, F*1)).

In Salimbeni and Deisenroth (2017), they further define an additional set of
m inducing points Z* = (z}, ..., 2!,) for each layer 0 < ¢ < L. We use the notation
u’ = fY(Z'1) for the function values at the inducing points. Since we have d output
on layer {, we use U' € R™*¢ for the function value matrix at the inducing points.
By the definition of GP, the joint density p(F¢, U') is a Gaussian distribution given
inputs from previous layer. Therefore, we have the joint posterior of y,{F*, U‘}l_, is

n L
ply, (F UG =] [ptuslfD) [ [p(FUS S, 25 p(Uut; 247,

i=1 =1
The posterior of {F*, U'}}_, is intractable, so the authors in Salimbeni and Deisen-
roth (2017) define the variational posterior

L
q({F, UYy) = [ [p(FIUSE, 25 ) q(Uh,
=1
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with q(U%) = ]_[jd:l q(U5) and q(UY) ~ N(mj,S;). Then they calculate the
evidence lower bound of the DGP, which is

F, UYL
ELBOpcp = Eq i)t [p(y =1

q({F, UY%%_,)
Based on the definition of q({F*, U*}{_,), we can simplify ELBOpgp and show
that it is equal as

—

ELBOpgp = Z]E 1y [log p(yilf})] Z q(UYpus; 2. (A.114)

i=1 =

From Salimbeni and Deisenroth (2017), after marginalizing the inducing vari-
ables from each layer analytically, we can show that

—
—

L
— _ 0 &t
a(FYy) = [ [a(®m®, sSF 250 = [INF ', £ = [ TT [ N(F§Iaf, £5).
=1 =1 =1 j=1
(A.115)

o

Here,

Flf — ff(Fffl)Tm%
~ ¢ B B . B B B
Z] _ :K:E(FE l,FE 1) o ff(Fe 1)T(g<€(z€ llzf 1) o S])ff(Fe 1)

with f(FC1) = K¢{(Z4, Z61) 1K (2, BT,

From Eq. (A.114), we only need to get q(f}) from q({F'}}_,) for sample i with
1 < i < n. In Salimbeni and Deisenroth (2017), they point out that based on the
format of Eq. (A.115),

L
:JJHq Fe|m Se Fe 122 1)dF£_1,
=1
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which means that the ith marginal of the final layer of the variational DGP for
sample i depends only on the ith marginals of all the other layers.

Proof of Theorem 2

Theorem A.30. Using the variational approximation Salimbeni and Deisenroth (2017)
for the posterior of a DGP defined on {K*};_, with inducing points, we obtain exactly the
same variational posterior q({F*}t_,) and evidence lower bound ELBO as the variational
posterior for N(8).

Proof. To show the equivalence of evidence lower bound, we only need to guarantee
that q(F{ Im{,S{;F{ !, Z" 1) and KL[q(U")|p(U"; Z*1)] are the same as the relevant
values for N(8) foralll < i < nand 1 < ¢ < L. We also need to show the
equivalence between variational posterior q({F‘}}_,) for the two methods. All
those can be satisfied by showing the equivalence that q(F‘/m*,S%; F*~!,Z*1) and
KL[q(UY)|p(UY Z41)] are the same as the relevant values for N(8) forall 1 < € < L.
For both two methods, since for each layer {, the d outputs are independent, so
the posterior distribution can be decomposed into a product of d terms and the
KL divergence can be decomposed into a summation of d terms. We only need to
prove the result for a single j with 1 <j < d and a single { with1 < ¢ < L.
Based on Eq. (A.115), for q (Fg Imﬂ-, Sg; F'~1 Z'1), the mean and variances are

il)f — ff(Ff—l )Tme)

~ A _ _ _ A _ _ _
Zj :JCE(FE 1,F€ 1)_ﬂ:(F€ 1)T(g<€(ze 1,Z€ 1)—S,j)ff(Fe 1)

with ff(F*1) = K4z, 2411241, F& ). We can decompose the kernel
into K¢(Z*1,Z24") = @Y Z )@Y (Z*!)T. Now we choose the number of inducing
points m as m = r, then we have a square matrix ®‘(Z*~') with each entry is
independently identically from a distribution based on the random feature weight

vector wj and the random inducing points Z; .
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For continuous oy and o, every entry in ®*(Z*~!) is absolutely continuous with
respect to Lebesgue measure since we can define density function. Then based on
random matrix theory Rudelson (2008); Tao (2012), the square matrix ®*(Z*1) is
almost surely invertible. Therefore, we treat ®*(Z~!) as an invertible matrix in
following analysis.

Replace K¢(Z'~1,Z1) by ®Y(2* 1) DY(Z*)T, we have that

ﬁf — (DZ(F(’,fl)((Df(Zefl)T(DB(Zefl))fl(Df(Zefl)Tm.Zj

£ = O (F O (F)T — #(F )T (@420 (Z )T — 8 (F )

Through simple algebra, we get that

-0 01y T ol

~]“ —1\T ] -1 (A.116)
£! — f(F1) TS, f(F )

Since ®%(Z*) is invertible, we define

mg = oY(z" Y pinew

S] — (Df (Ze—l )Zf,newq)f (Z(—l)T,

and plug them into Eq. (A.116) then we get

if = O (F uf o,
£ = O F NE! L U FY)T

j,new

(A.117)

In our BNN construction for N(§), the variational posterior over V leads to
F§ = O (F*1)v{ with v ~ N( £t ). Then we have that

¢
uj,new/ jmew

F{ ~ N(O(F N o, OUFHES ., O (FCHT).
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That is identical with the results from inducing points method in Eq. (A.117).
Based on this construction, we also have that

U = 02 )y

Since the KL divergence is invariant under parameter transformations, we have
that

KL(q(UY)IIp(UY)) = KL(q(v!)lIp(v}))

Proof of Theorem 3

For a kernel X' belongs to a general class, we can still use a similar technique as
in the proof of Theorem 2 to show the equivalence. However, this time we cannot
use the random feature matrix @ (F*" )@Y (F*1)T to approximate X' (F*~1, F¢1).
It turns out that a good replacement for ®‘(F*~!) to approximate the basis of
KEFSL FY) is KYFSL, 250K (24, 24 1)71/2 which we will show shortly. The
proof technique for Theorem 3 is similar as the technique for Theorem 2. However,
for a general class of K¢, X*(F*~1, F'"1) can be full rank which is equal to sample
size n. Therefore, the difference from the approximation using the rank r basis
LR, ZE 1)K (ZE, 2612 g

Kﬂ (F(’,fll F@*l) - :Kf (F(Zfl’ Zﬂfl )g(:(i (Zﬂfll Ze71)719<e (Zﬂfll Fefl ) )

This is the constant offset that does not depend on training which we mention in
Theorem 3. For the optimization of ELBO, only the diagonal terms in this offset
matrix is used so we can also add this into BNN as a bias term with random weight
that we do not train.

Remark. After the optimization of ELBO, one can get the uncertainty estimates

from the variational posterior. If

jcf (F(’,fll Fffl) o :K(’, (Fffl’ fol ):sz (foll Z(’,*l)*ljcf (Zﬂfl’ F(’,*l)
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is not present, then one can choose V from its variational posterior and the output
estimates for every samples directly come from one pass of feed-forward neural net-
work. However, when K¢ (F*—!, F*—1)—K4(F*1, 2 ) K4 (24, 24 ) 1Kz, F )
exists, n passes of feed-forward neural network computation for n samples need to
depend on each other to derive the outputs. In Salimbeni and Deisenroth (2017),
they also permit the prior of DGP to have a non-zero mean function, which can
lead to another offset if the prior mean of DGP at each layer is non-zero. Similarly,
this offset does not depend on training and can be included into BNN as a bias term
with random weights that we do not train. Another term that is usually discussed
in DGP is the noisy corruption. In this result for general kernel X in Thoerem 3, in
Salimbeni and Deisenroth (2017), the authors show that the noisy corruption can be
included into the kernel X. For our earlier result in Theorem 2, we do not include
the noisy corruption in intermediate layers, since the complexity of intermediate
function is already restricted by the rank r. It does not overfit the data so we do
not need the noisy corruption which is usually used to avoid overfitting when the
kernel basis has infinite dimension which can be super expressive.

Now we review the definition of IPB and Theorem 3, then we present the proof
for Theorem 3.

Definition A.31. For a kernel X, IPB can be constructed by choosing r additional points Z

(inducing points), taking the inputs x and outputting an r-dimension vector X (x, Z)X(Z, Z) /2.

Theorem A.32. Using the variational approximation Salimbeni and Deisenroth (2017)
for the posterior of a DGP defined on {K*}{_, with inducing points, we can obtain the
same variational posterior q({F'}}_,) and evidence lower bound ELBO as the variational
posterior for N(8) (with IPB) except a constant offset that does not depend on training.

Proof. To show the equivalence of evidence lower bound, we only need to guarantee
that q(F{/m{,S{;F{ !, Z*1) and KL[q(U")|p(U%; Z*~")] are the same as the relevant
values for N(8) forall1l < i < nand1 < ¢ < L. We also need to show the
equivalence between variational posterior q({F‘}{_,) for the two methods. All
those can be satisfied by showing the equivalence that q(F‘/m*,S%; F*~!,Z*1) and
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KL[q(UYp(UY Z1)] are the same as the relevant values for N(8) forall 1 < ¢ < L.
For both two methods, since for each layer ¢, the d outputs are independent, so
the posterior distribution can be decomposed into a product of d terms and the
KL divergence can be decomposed into a summation of d terms. We only need to
prove the result for a single j with 1 <j < d and a single { with1 < ¢ < L.

Based on Eq. (A.115), for q (Fg Im_ej, S_‘;-; F'~! Z'~1), the mean and variances are

iy = f(F"") 'm}

&t _ _ _ _ — —
Zj :fKe(Fe 1,FE 1)_ﬂ:(F(’, 1)T(J<€(Z€ l,ZE 1)_SJ)ff(F€ 1)

with ff(F*1) = K4Y(Z, 211K (21, B,
We use 1 to refer the number of inducing points and we denote the IPB block
matrix K (F1, 250 KY(Z1, Z5 1)~ 1/2 as IPY(FY 1), then we notice that

ﬁf — IPe (Fe—l ):Ke (Ze—ll Zf—l ) —1/21,“’(j
if _ IPE (F(Zfl ):K:e (fol’ fol)fl/ZS.j g{@ (Z(Zfl’ fol)fl/zlpe (Fffl)T (A118)

+ KZ (Fﬂfll F(lfl) o IK:E (F(%fl, Z(’,fl ):K(’. (Zﬂfll Zﬂfl)flg{-(’, (foll F(’,fl ) .

We have discussed the second term in if which is a constant offset that does
not depend on training. Therefore we assume it to be zero in following analysis
then we get the exactly same result as our variational posterior approximation for
N(8) when IPB is used.

We define

mf] ::K:f(zl’,fllszl)l/Z 4

u’j ,new

S] _ :K:Z (Zf—llze—l)l/Zzg Kﬂ(ze—llzf—l)l/zl

jnew

and plug them into Eq. (A.118) then we get
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il = PRt
£ =TPYF NEL L IPYEC )T,

j,new

(A.119)

In our BNN construction for N(8), the variational posterior over V leads to
F§ = IPZ(Fe_l)vf with vi ~ N( £t ). Then we have that

14
”’j,new’ jnew

IPYFCHEE  IPYECDT).

jmew

ﬂ~NﬂW@“H%WW

That is identical with the results from inducing points method in Eq. (A.119).

Based on this construction, we also have that

UZ] _ IP@(szl)vjf _ :K:E(Zefllszl)l/Zvjf

Since the KL divergence is invariant under parameter transformations, we have
that

KL(q(U})lp(U5)) = KL(q(v})lIp(vy))

Proof of Theorem 4

The post-training ANOVA decomposition is

7 (xr) = [ [ —EX) | [EZ fxa, oo Xp), (A.120)
ieT T

Theorem A.33. If there exist inputs clusters {T]-*}}il such that f*(x) = Zle g;*(ij*) with
k* at the order of polynomial in p and ¢ = max;_, [T*| = O(logp), then there exists a
trained AddNN that predicts y well and restricts the number of possible interactions at
polynomial in p. Further, if every sub neural network has L layers with d hidden units,
then the computation complexity of measure (A.120) is at most n°k*d*"—1, which is also
polynomial in p.
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Proof. In that case, there exists a trained AddNN f which is f(x) = Z;‘Zl G; (xx)
)
with the same k* and inputs clusters {T;}};. For such f, without knowing the
truth, every possible interaction is a subset of one inputs cluster T for some j.
Therefore, the number of possible interactions is bounded by Z;‘Zl 21T < k*2¢, s0

it is polynomial in p. For an interaction among a subset S, we have that

13 (xs) = [ [T —E2) [ [ R f(xa, o0 )

ieS jgs
o

- H(Ixi - E;) HEQ} Z Gm (xTs)
i€s ¢S m=1
o

=Y T —EX) [TED gumlxry,)
m=11ieS j¢s

= Y Tl —EDTE: gmixn),
m:SCT}, 1eS j¢S

because for m that S Z T, then there exists an iy € S such that iy ¢ T}, then

H(Ixi o E;’ll) HEngm(xT;‘g) =0
ie$S ¢S

because (I, —E,

lo)gm(xm) = gm (X172 ) — Gm(x1:) = 0. We can further simply
ITS1 (XS)/

Ig(Xs)Z Z H(Ixi_E;)HE;Qm(XTﬁ)

m:SCT} i€eS jES

— n n A

- § | |(IXi_Exi) | | Exjgm(xT{;)‘
m:SCTy, i€S j¢S,jETs

Therefore, the computation complexity of Ig (xs) is equal to the computation

complexity for
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Umsscts 8 | [T —B2) [ EXgmxr) ¢, (A.121)

ies j#SieTh
which is the union of [m : S C T} | functions where each function involves the
calculation of feed-forward neural network and empirical evaluation. Therefore, to
compute all interactions, we need to compute the union of (A.121) for all possible
interactions S. Because every possible interaction is a subset of one inputs cluster
T;" for some j, we can exchange the order of unions and we get that the computation

complexity for all interactions is equal as evaluating

Um Uscry 4 [ [T —EZ) [T EZgmlxry) ¢ (A.122)
i€s JESIETH

To compute UscT: {Hies(lxi —EX) [ Tjgs jer: EX, Om (XT;I)} for some m, we

only need to compute

TTL;I(XT;;I) = H Ix-l@ (XTgl) ’
ieTy
which involves all the evaluations of the feed-forward neural network. To eval-
uate [Tics(Ie, —EX) [Tigs jers B Gm (x7;) for S C Ty, the computation only in-
volves basic addition operation given M. . Therefore, we show that the evaluation

of all possible interactions has the same computation complexity as evaluating

Um AMB (x1:)} = Un{ [ | L (x73)}- (A.123)

€Ty
For every member in the union regarding m, the evaluation complexity is
nlTml@?t=1 < ned@? -1 Therefore, the computation complexity regarding (A.120)

dZLfl

for all possible interactions based on model f is bounded by n°k* , which is

polynomial in p when k* is polynomial in p and c is the order of O(logp). [
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Remark 1. When the truth function f* is additive, the function class of AAdNN
includes a member that can compute interactions and outputs from the model
efficiently while the function class of an arbitrary NN make it impossible to learn
such a model and always involve computation that is exponential in p. In practice,
we always use group Lasso type penalty on the first layer to encourage each sub
neural network to depend on few inputs to approach the truth function f*.

Remark 2. We can use the measure in Zeiler and Fergus (2014) as well, which can
be seen as choosing one sample baseline instead of the average baseline in (A.120).
In other words, now we use operation &, (x{) to replace E} in (A.120) based on one
sample x° for 1 < i < n. Then the computation complexity of measure (A.120) does
not depend on n both for AAANN and NN. In that case, the number of possible
interactions for AAdNN is still at polynomial in p and the number is exponential
in p for an arbitrary NN. Also, the computation complexity of measure (A.120) is
k*d**! for AddNN and (k*d)?"~! for an arbitrary NN with L layers and k*d hidden
units where the NN requires k**"~!) times more computation. The choice of E™ as
baseline, compared to §(x°), is better for comparison with the population and can
lead to a useful measure [|I} (x7)||2n (the empirical £, norm of the interaction), which
can be used to detect the interactions. We give an example of their difference for
explanation in the decision making process. For one who is interested in making an
investment with x; dollars, the E™ baseline informs that, based on this investment,
how much more one can earn than the average of the money that people earn. On
the other side, the 5(xp) baseline informs that, at the current investment with x,
dollars, if all other factors do not change, how much more one can earn if he/she

decides to invest x; — xo more dollars.

Model details for experiments

We discuss more details about Bayesian additive Neural Network (AddNN) imple-
mentation and provide more experimental results. In our experiments, we use 10
small(sub) neural networks, where each has 2 hidden layers.

Implementation Details: Our Bayesian Neural Network is a sum of 10 small
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neural networks and each small network consists of 3 layers. An input feature
vector is passed through 10 sub-neural networks followed by addition operation
to give a final scalar output. For each sub-neural network, we use 2 to 5 neurons
for the first hidden layer and 5 to 20 neurons for the second hidden layer. We train
the Bayesian Neural Network with batch size = 100 and 0.01 initial learning rate
with exponential decay until the validation error converges. In order to pick sparse
interpretable variables, we impose group Lasso for the first layer with respect to
each input neuron, which associates with sub neural network. The group Lasso
penalty hyper-parameter depends on the sparsity and addition structure. In our
experiments, it ranges from 0.001 to 1.0.

BANN learns the sparse additive structure: To show our Bayesian additive
neural network can learn the sparse addition structure of the function and the
interaction, we provide one example of learning Friedman function f;. We plot the
learned matrix of the input layer and the first hidden layer, which can be seen in
Fig A.1.
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-16

-2.4

-3.2

Figure A.1: BANN learns the additive structure of the function f;. The rows of
visualized matrix correspond to the neurons of the input layer and the columns
correspond to the 10 sub neural networks, each has 2 hidden units. The sparsity of
the matrix demonstrates the sparse interaction between the neurons of the input
layer.
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