From Data to Insights through Conversation

by

Rogers Jeffrey Leo John

A dissertation submitted in partial fulfillment of

the requirements for the degree of

Doctor of Philosophy

(Computer Sciences)

at the
UNIVERSITY OF WISCONSIN-MADISON

2021

Date of final oral examination: May 19, 2021

This dissertation is approved by the following members of the Final Oral Committee:
Jignesh M. Patel, Professor, Computer Sciences
Mark Craven, Professor, Biostatistics and Medical Informatics
Theodoros Rekatsinas, Assistant Professor, Computer Sciences
Paris Koutris, Assistant Professor, Computer Sciences



© Copyright by Rogers Jeffrey Leo John 2021
All Rights Reserved



Dedicated with love to my son Viyan Meero, my wife Meena, my mother Lalitha,

and my father Leo John for being my greatest inspiration and support.



ii

Acknowledgments

Ph.D. has been a transformative experience for me and has helped me
grow both professionally and personally. Jignesh, you continue to inspire
me with your impeccable work ethic, unbridled enthusiasm, and curiosity.
Thank you, for all the opportunities and for pushing me towards becoming
the person I am today. I look forward to our adventures in DataChat.

This journey has been incredibly challenging. I would not have gotten
here without the support of my parents. Thank you very much, Dad and
Mom, for encouraging me to dream beyond what I thought I could do.
I've put you through a lot, and yet you've never failed in your support.
I'm incredibly grateful for all the sacrifices you've made for me.

I've spent half a decade in Madison. I never once felt like I was away
from my home. Thanks to my friends Adalbert Gerald Soosai Raj, Kaviya
Lakshmipathy, Ramnatthan Alagappan, Aishwarya Ganesan, Harshad
Deshmukh, and Supriya Hirurkar. I'll cherish our game nights, potlucks,
tennis matches, and all the fun conversations.

Thank you, Ramakrishnan Durairajan and Thanumalayan Sankara-
narayana Pillai, for the insightful conversations about life, research, and
everything in-between. Your advice helped me navigate my Ph.D. I'm
glad that I got to know you early in grad school.

Many thanks to Kirthanaa Raghuraman, Arjun Gurumurthy, Manoj
Nagarajan, Ashok Marannan, Gopalakrishnan Uthamabikshandeswaran,
Ameya Raul, and Siddharth VinothKumar for all the fun times and for



iii

being test subjects for my research.

Thank you, Dilip Venkatesh, Perianayaki Krishnan, and AnandaPad-
manabhan, for being one of the very few who stood by me when it mattered
the most. I'm very grateful for all your help and support.

I'm very thankful to my undergraduate professor and mentor, Dr. T.
Hamsapriya. Your encouragement and dedication to helping students
learn have left an indelible mark on me. I'd also like to thank Dr. R. Aru-
muganathan and Dr. R. Nadarajan from my undergraduate university for
providing me with a new perspective and approach for learning Computer
Science.

I am deeply indebted to my professors Dr. Rebecca J. Passonneau, Dr.
Noemie Flhadad and Dr. Sambit Sahu at Columbia University for the
research opportunities, mentorship, and advice.

I'd also like to thank my colleagues (past and present) at DataChat.
I've learned a lot working together with you. I look forward to continuing
our collaboration.

I am very thankful to my graduate coordinator, Angela Thorp, for her
tremendous support throughout this journey. Thank you, Angela, for
being a good friend and family in Madison.

Meena: You are my friend, partner, motivator, and my pillar of support.
I'm very fortunate and thankful for your boundless love and your steadfast
support. I would have given up on my Ph.D. if not for your constant
encouragement. Thank you very much for giving me the gift of being a
father to our wonderful son Viyan. Thank you for standing by me every
minute of this journey. We finally made it!



iv

Contents

Contents iv

List of Tables vii

List of Figures viii

Acronyms X

Abstract

Xi

1. Introduction 1

1.1
1.2
1.3
1.4
1.5
1.6
1.7
1.8

2. Ava:

2.1
2.2

The Data Science Workflow 1

Characteristics of a Data Science Workflow 4

Motivation 5

Approach 6

Contributions 7

Comparison with other NL-to-task mapping approaches 8
Future Work 10

Scope and Limitations 10

An Intelligent Conversational Agent for Data Analysis 12

Related Work 12

System Design and Architecture 14

221 Client-Server Jupyter Notebook Design . . . . .. 16



2.3

24
2.5

222 Control Flow Architecture . . . . . ... ... ...
223 Controlled Natural Language (CNL) . . . . .. ..
224 Artificial Intelligence Markup Language . . . . . .
2.2.5 Task Template Repository . . ... ... ......
2.2.6 Conversation Storyboard . . . . . . ... ... ...
227 SalientAspects . ...................

Experiments 25

23.1 Single-Subject Trial . . . . ... ... ... .....
2.3.2 Multiple-Subject Trials . . . ... ... .......

Results 28
Conclusions 32

. DataChat: Ava Redesigned 33

3.1

3.2

3.3
3.4
3.5

3.6
3.7

Flexible and Robust CNL 33

311 Terminology . . ... ... ..............
3.1.2 PatternLanguage . ... ...............

CNL Engine 39

3.2.1 Intent Classification . . . . . . . . . . .. ... ...
3.2.2 Entity Extraction . . .................

Auto-suggest 42
Skills as a formalism of task templates 43
Modified Client-Server Architecture 44

3.5.1 The DataChat App Ecosystem . . . . ... ... ..
352 ChatClient. .. ....................
3.5.3 DataChat Worker . .. ... .............
354 DataStores. . ............. ... .....
3.5.5 Transactions Over Object Stores . . . . . . ... ..

3.5.6 Publish-Subscribe Communication Mechanism . .
3.5.7 DataChatScheduler. . . .. ... ... ... ....

Save and Replay Mechanism 51
DataChat as a Platform 52

16
20
21
22
22
24

25
26

34
34

40
40

44
47
47
48
49
49
50



3.8 Scalability and Deployment 52
3.9 Conclusion 53

4. DataChat: Ava Revisited 54
4.1 ML Pipeline 54

411

ML Pipeline Advantages . . . . ... ... .. ...

4.2 Design Principles 57

421
422

ExecutionModel . ... ... ... ... ......
Constituents of the ML Pipeline Graph . . . . . ..

4.3  AutoML in DataChat 61

43.1
432
4.3.3

Feature Transformations . . . . . ... ... .. ..
Class Imbalance Handling . . . . .. ... ... ..

Explanations . . . .. .................

4.4 Experiments 72

441
442
443
444

Results . . ... ... ... ... ... ........
Productivity Improvement . . . . . ... ... ...
Qualitative Feedback . . . . ... ... ... ....
Other Observations . . . . .. ... .........

4.5 Conclusion 87

5. Conclusion and Future Work 89
5.1 Future Work 91

51.1
51.2
513
514

Bibliography

Model Management . . . ... ...........
Developing tools for collaborative analytics . . . .
Multi-Modal User Interface for Task Specification

Uncontrolled NL to SQL (NL2SQL) . . . ... ..

94

Vi

55

59
59

64
65
66

73
73
82
84

91
91
92
93



vii

List of Tables

4.1 CQualitative feedback from the participants of the user study 83

5.1 Flesch reading ease scores for DataChat's AutoMLCNL . . . 93



1.1

1.2

21

2.2

2.3
24

2.5

2.6

2.7

3.1
3.2
3.3

viii

List of Figures

The Data Science (DS) workflow for Example 1.1. Tasks are
shown in rectangles, and meta-tasks in ovals. The pipeline is
highlighted in dotted blueboxes. . . . . ... ... ... ...

The Data Science Venn diagram . . . . . ... ... ......

A timeline of an actual Ava conversation for the data science
taskin Example 1.1. . . . .. ... ... oo o 0oL
Ava in action. The right panel is the chat window. The con-
versation between the user and Ava is carried out in this chat
window. Actual code is created and run in the left panel
using the regular Jupyter Notebook interface. . . . . . .. ..
Overview of Ava’s control flow architecture.. . . . . . .. ..
The storyboard powering Ava, excerpted and truncated for
brevity. . . . ...
Distribution of the time taken by participants to complete the
firstmodel. . . . .. ... o
Distribution of the time taken by participants to complete the
first model in each user group. . . . . .. ... ... ... ..
Distribution of unbiased task completion times. . . . . . . . .

Auto-suggestin DataChat . . . ... .... ... ... ... ..
The DataChat microservices architecture. . . . . ... .. ..

The DataChat app ecosystem. . . . ... ............

15

17
18

23

28

30
30

43
45
46



4.1
4.2
4.3
4.4

4.5
4.6

4.7

4.8

4.9

4.10

411

4.12

4.13
4.14
4.15

Multiple analysis without ML pipelines . . . ... ... ...
Multiple analysis with ML pipelines. . . . . . ... ... ...
Feature importance metrics generated by DataChat’s AutoML
for the churn predictiontask . . . . ... ... ... ......
Data explanations generated by DataChat’s AutoML module
for the churn predictiontask . . . .. ... ... ... .. ...
Steps for generating the data explanation in Figure 4.4
Pipeline report generated by DataChat’s AutoML framework
provides transparency into the model training process . . . .
Distribution of time taken by participants to complete the
first ML model using DataChat and Python. . . . . . ... ..
Distribution of the number of models trained by participants
using DataChat and Python. . . . . .. ..... ... ... ..
Distribution of the number EDA questions attempted using
DataChat and Python. . . .. ... ... ............
Distribution of the time taken to answer EDA questions using
DataChat and Python. . . . ... ... ... ..........
Comparison of CNL errors made by users during the initial
and later stages of the user study. Users first solved the EDA
task followed by the modeling task. . . . . ... ... ... ..
Distribution of the time taken by the task groups to train the
firstmodel. . . . ... ... o

Breakdown of the errors made by participants in the EDA task.

Distribution of fl-scores on the test dataset. . . . . . ... ..
Comparison of fl-scores of the best model for each user
trained using DataChat and Python. . . . . . . ... ... ..

ix

56
57

67

69
70

71

74

75

76

77

78

80

85

86



Acronyms

CNL Controlled Natural Language
DS  Data Science
ML  Machine Learning

NL  Natural Language



Xi

Abstract

Enterprises increasingly employ a wide array of tools and processes to
make data-driven decisions. However, there are significant inefficiencies
in the enterprise-wide workflow that stem from the fact that business
workflows are expressed in Natural Language (NL), but the actual com-
putational workflow must be manually translated into computational
programs. This thesis presents an initial approach to bridge this gap by
targeting the Data Science (DS) component of enterprise workflows. In
this initial approach, we propose using a conversational agent to allow
data scientists to assemble data analytics pipelines. A crucial insight is that
while precise interpretation of NL continues to be challenging, restricted
versions of natural languages are starting to become practical as natural in-
terfaces in complex decision-making domains. Also, we recognize that DS
workflow components are often templatized. Putting these two insights
together, we develop an initial prototypical system, called Ava, that uses
an unambiguous version of NL known as Controlled Natural Language
(CNL) to program DS workflows.

The initial Ava system was limited in functionality and focussed on
training Machine Learning (ML) models using NL conversations. How-
ever, real-world data analysis scenarios go far beyond just training ML
Models and involve various stages like exploratory analysis, statistical
analysis, and data cleaning. Some analyses may require slicing, dicing,

querying, and visualizing the data in different dimensions. To cater to
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these broader analytics tasks, we propose modifications to Ava’s CNL
and formalize Ava’s CNL via a pattern language. We also propose an
end-to-end system architecture for an NL-based data analytics system
which is deployed commercially as DataChat.

Finally, we propose ML pipelines, a flexible, scalable, and framework-
agnostic approach to compose ML model training workflows using Dat-
aChat’s CNL. We also present DataChat’s AutoML framework, which is
built using the ML pipeline framework. We evaluate the efficacy of training
ML models using DataChat via a user study and find that DataChat’s ML
infrastructure improves non-expert users’ productivity by enabling them
to compose high-quality ML model training pipelines easily compared to
other programming tools such as Python.
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Introduction

It is now increasingly common for many aspects of business decisions
to be guided in some form by data. This change in approach permeates
through every level of the organization, from the CXOs down to the busi-
ness analysts. However, the task of analyzing data resides in a select subset
of employees, the so-called DS professionals i.e., data scientists or data
analysts. These professionals are responsible for translating complex busi-
ness problems into a technical form, then applying their data analytics
skills to solve these problems, and finally producing insights to improve
business outcomes. To solve the business problem, the DS professional
starts by collecting relevant data and explores various tools and techniques
to extract insights from data, building what is known as a DS workflow.

1.1 The Data Science Workflow

In this section, we describe and define the modern DS workflow. We begin

with an example and then formalize key terminology.

Example 1.1. A data scientist Daisy starts with a business problem, namely:
“Predict which customers are most likely to respond to a direct email offer for a
personal loan”. As illustrated in Figure 1.1, she begins by loading some relevant



data about customers from databases or files. She may use basic statistics and vi-
sualizations like histograms or scatter plots to understand the data better as well
as gain intuition into the relevant features. She may find the need to impute miss-
ing postal Zip codes or bucket dates by month. She proceeds to carve out training
and test datasets, and build a classification model using logistic regression. Find-
ing that the model has poor precision and recall, she decides to use a decision tree
instead. After confirming that the classification accuracy has improved, she fine-
tunes various hyper-parameters such as tree depth or splitting criterion. She may
iteratively visualize the tree or use a ROC curve to guide this model tuning. Fi-
nally, she settles on a model and applies it to current customer data to make her
predictions about which customers are most likely to leave/churn.

Data

________

Data
Exploration
Data
Cleaning

! Feature ,
|Engineeringll

. -ttt TT s ss s A .
Check train Model Training for »! Model Training for | Check train
accuracy, precision Logistic Regression ' Decision Tree aceuracy, precision

andrecall . == @ ~———— J e and recall
Parameter
Tuning

Figure 1.1: The DS workflow for Example 1.1. Tasks are shown in rectan-
gles, and meta-tasks in ovals. The pipeline is highlighted in dotted blue
boxes.

Statistical
Analysis

Data
Visualization

Model application to!
gain insights |

As illustrated in the example above, the DS workflow is composed of
various logical stages, such as Data Loading and Model Training. At each
logical stage, Daisy performs a number of physical tasks, such as loading
one or more datasets from CSV files or databases, or training a Decision
Tree model. In fact, while Daisy goes through roughly the same sequence

of logical stages to model every business problem, she may perform very



different tasks at each stage. For instance, when asked to predict inventory
needs for the holiday season, she may go through a workflow with similar
stages, but load data from different sources and train a regression model
rather than a classification one.

Thus, the data scientist faces a number of choices of tasks at every stage,
and must decide which task is best suited for this problem. These decisions
are informed by prior experience and rules of thumb (e.g., decision trees
might not work well if the number of observations is very small). In addi-
tion, these decisions are guided by meta-tasks such as statistical analysis
and visualization. For instance, histograms and null-value counts are used
to guide the imputation method used for data cleaning, and the choice
of bucketing or encoding used for feature engineering. Similarly, metrics
such as precision and recall (for classification) or R? (for regression) and
visualizations such as Receiver Operating Characteristic (ROC) curves are
used to guide model selection, including hyper-parameter tuning.

The outcome of this exploratory process is a DS pipeline that results
in a model used to gather insights and solve the business problem at hand.
The pipeline (shown in dotted blue boxes in Figure 1.1) excludes the extra-
neous steps (shown in black) that were incidental to the exploration but
will be cleaned up in the final output. For example, when asked to repeat
the process for the same problem again, Daisy can use the already cleaned
data (foregoing the Data Cleaning stage), directly train only the Decision
Tree (skipping the mis-step of training the Logistic Regression model), and
may even skip the meta-tasks like data and model visualization. Only this
subset of tasks forms the pipeline in our terminology.

A workflow is thus a graph (usually cyclic) consisting of tasks and
meta-tasks, conceptually grouped into stages. The pipeline is a subgraph
of the workflow. The DS problem is one of searching for the best pipeline,
and the exploratory steps involved make up the workflow.



1.2 Characteristics of a Data Science Workflow

Data science workflow is templatized The DS workflow is composed of a
small, predefined set of stages and a well-defined sequence in which they
occur in the workflow (possibly iteratively). Each stage is itself composed
of several tasks.

from sklearn import tree

classifier = tree.DecisionTreeClassifier (
criterion={{criterionl}},

max_depth={{max_depth}})

model = classifier.fit(training_set, labels)

Listing 1.1: Code template for training a decision tree

The tasks in the workflow are typically performed by writing code in
a general-purpose programming language like Python, R or Scala, and
using libraries like scikit-learn [1], caret [2] or Spark [3]. Usually, the code
used to perform a certain task follows a corresponding template: a certain
sequence of library calls. Listing 1.1 shows a code template for the task
of training a decision tree using the Python scikit-learn library, wherein
the data scientist is only required to select and set a few parameters, such
as node splitting information criterion criterion and decision tree depth
max_depth. Thus, the semantics of tasks typically lend themselves to a
clean separation of specification (parameter values) and template, making
it possible to compose the task code simply by substituting parameters
into a pre-defined code template.

Data science workflow is exploratory Another critical feature of this
workflow is that it is highly exploratory. At every stage of the workflow,
the data scientist must choose the most suitable task and parameters from

a large number of choices.



1.3 Motivation

A key challenge in DS is the search problem of identifying the best data
science pipeline for the business problem at hand. A data scientist should
have a solid understanding of the business problem to produce any mean-

ingful insights that the enterporise can directly use.

Machine
Learning

Math and
Statistics
Expertise

Hacking
Skills

Data
Science

Substantive
Expertise

Figure 1.2: The Data Science Venn diagram

Figure 1.2 shows a Venn diagram that describes the skills that are nec-
essary for a data scientist [4]. Note that substantive expertise is one of the
skills. A data scientist must understand the business requirements to ask
the right questions and come up with the rel evant insights. Unfortunately,
many data science projects in organizations today do not provide the in-
tended insights due to the impedance mismatch on the part of the data
scientist in translating the business requirements to a DS workflow [5, 6].
The continually evolving DS ecosystem has provided data scientists with a

plethora of programming languages, libraries, and tools that have greatly



improved the productivity of the data scientists in building pipelines and
workflows. Despite the remarkable advancements, the data scientist is still
left with the time-consuming steps of learning how to use the various tools
(each with its pros and cons) and gluing together tasks performed using
these tools into a workflow, all while faced with the challenge of making
decisions to navigate the search space of possible pipelines. Thus, the di-
versity of available tools, while a boon in many ways, has the detrimental
effect of increasing the cognitive burden on data scientists and steepens
their learning curve.

While we should continue to improve these tools, we must also be
mindful of the broader organizational context for DS workflows. The real
bottleneck is the turn-around time for the entire workflow. A crucial aspect
of this holistic view is to improve the human productivity of the data
scientists and reduce their turn-around time in assembling DS pipelines.
We note that our broader vision is to enhance the productivity of the en-
tire enterprise data-to-insights workflow and democratize DS capabilities
throughout an organization. In this thesis, we start with the data scientists,
as it provides a concrete starting point. In the future, we plan to target
increasingly broader user-bases consisting of ever-less technical users,

empowering them to construct and manage robust DS workflows directly.

1.4 Approach

To improve the productivity of data scientists, we begin with the obser-
vation that a NL interface improves the efficiency of translating business
problems into the technical domain, by reducing the impedance mismatch.
We note that various tools available in the data science ecosystem overlap
in the problems they solve. We propose using an NL interface to abstract
away the details of the underlying libraries and let a user cleanly specify

their task at the conceptual level, automating the translation to executable



code. Specifically, we use a restricted form of NL called Controlled Nat-
ural Language (CNL) to make the NL conversations precise and avoid
ambiguity.

The second key observation is that the templatized nature of the work-
flow facilitates this translation to executable code. Each task in the work-
flow (e.g., “Train a decision tree model with the given set of hyper-parameters.”)
maps to a short code sequence specific to the underlying library or platform
in use. By maintaining a library of such task templates, we can translate a
task specification in natural language into executable code by instantiating
the template.

Further, we note that the DS workflow often proceeds through a well-
defined sequence of logical stages, from data loading and cleaning, through
feature engineering, to model training and visualization. This observation
prompts us to build workflow tools that guide the data scientist through
these stages by composing the templatized tasks at each stage.

1.5 Contributions

This thesis makes an initial attempt to improve the human-efficiency in
building data science workflows by proposing to assemble data science
workflows using NL (CNL). The main contributions of this thesis are:

1. the design and implementation of a CNL engine

2. the end-to-end design and architecture of a system that allows data
scientists to complete a variety of data science tasks such as data
exploration, data visualization, data querying, and machine learning
using CNL.

This thesis consists of four chapters, in which we present the initial end-to-
end architecture for an NL -based data analytics system that uses CNL to
represent user intent. We formalize CNL via a pattern-based language and



explore the use of CNL to build Machine Learning (ML) model training
workflows via a user study.

Chapter 2 We begin by introducing Ava, a DS conversational agent
that uses CNL to help data scientists compose workflows. We present
an initial system design and architecture for such a conversational agent.
We also conduct user studies and show that the agent can improve the
productivity of data scientists.

Chapter 3 We formalize Ava’s CNL specification as a pattern based
language with entities and intents as the building blocks. We also propose
an end-to-end architecture for an NL-based data analysis system. We
finally present the lessons learned from commercially deploying Ava as a
system called DataChat.

Chapter 4 We present the design of DataChat’s ML pipeline, a Directed
Acyclic Graph (DAG) based framework that enables the construction of
scalable, reusable, framework-agnostic machine learning ML workflows.
We also describe DataChat’s AutoML framework, which uses the ML
pipeline infrastructure to automate the search for high-quality ML models.
We evaluate the efficacy of using DataChat’s CNL to compose ML model

pipelines via a user study and present our results.

1.6 Comparison with other NL-to-task mapping

approaches

There has been extensive research on translating NL specifications of tasks
to domain-specific task representations [ 7]. In the context of data analytics,
systems such as NaLIR [8], Athena [9], and Eviza [10] NL is translated
to specific data analytics tasks such as data querying via SQL and data
visualization.

In these systems, the translation task entails mapping task specifica-
tions in a single task domain (NL) to a single target domain (SQL). In



contrast, we seek to generate translations of NL task specifications that
span multiple task domains such as data querying, data cleaning, data
visualization, and machine learning by composing task mappings to target
domains such as Python, R, Javascript, and SQL.

For data science tasks in which the task specifications span multiple

domains, generating translations is a two-step process that involves:

1. identifying the task domain, e.g., data querying, data visualization

2. mapping from the NL task specification to a target task representa-

tion

Most NL-to-task translation systems use learning-based approaches
to perform the NL-to-task mapping. These learning approaches require
the availability of high-quality NL task-to-target domain training example
pairs for every task specification that is to be learned by the model. For
data science tasks, there could be several such task specifications that the
model needs to learn. For example, just for data visualization, the model
should be trained to differentiate between different plotting tasks, such as
drawing violin charts, bubble charts, and scatter plots with subplots.

Such models that are trained to learn several classes are susceptible
to distribution shifts in the training data. During our initial experiments
using ML models to classify data science task domains from NL sentences,
we found that the mappings generated by the model were probabilistic.
Re-training a model with additional samples to avoid misclassifications
for a particular class caused shifts in the decision boundary of the model,
which resulted in misclassifications that we did not observe with our initial
model.

Additionally, these ML models are inherently error-prone as they seek
to translate directly from ambiguous and imprecise uncontrolled natural

language to the target task domain.
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The sensitivity of ML models to distributional shifts [11] and frequent
misclassifications makes using these models intractable for mission-critical
applications such as data analysis in enterprises.

Our approach aims to generate deterministic task mappings from NL
sentences to various data science tasks. We achieve this deterministic task
mapping by restricting the space of task specifications to a restricted form
of NL called Controlled Natural Language (CNL) that can be unambigu-
ously parsed using information extraction techniques.

1.7 Future Work

The democratization of data requires dramatic simplification of the tools
necessary for data analysis. This thesis proposes a sui generis NL interface
for performing data analysis tasks. Feedback from the user studies and
learnings from deploying the system in industrial settings have opened
up exciting avenues of future work including, but not limited to:

e Model management for managing and reusing ML pipelines across

various modeling tasks.

e Enabling human-in-the-loop analytics by facilitating human-to-human

communication and collaborative data analysis.
e Developing multi-modal interfaces for complex analytics tasks.

e Making NL analytics accessible to a broader set of audiences by
relaxing DataChat’s CNL specification.

1.8 Scope and Limitations

End-to-end data analysis workflows are complex and involve various
stages such as Exploratory Data Analysis (EDA), data cleaning, statistical
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analysis, to name a few. This thesis focuses on the ML component of the
data science workflow while providing a broader systems perspective and
architecture for building an end-to-end NL data analytics systems.



12

2

Ava: An Intelligent Conversational Agent
for Data Analysis

We introduce Ava, an intelligent conversational agent that is aimed at sim-
plifying process of constructing data science workflows and pipelines. It
uses a natural language chat-based interface to abstract away the details of
the underlying ML and data analysis/visualization environments, letting
the user focus on the business problem.

In this chapter we present the system design and architecture of Ava.
We also conduct user studies and show the efficacy of Ava when Ava is
employed to solve DS tasks.

2.1 Related Work

There has been significant research in understanding natural language,
dating back to the “Imitation Game” proposed by Turing in 1950 [12]. The
quest to demonstrate an Artificial Intelligence (AI) capable of behaving
indistinguishably like humans spurred research into early chatbots such
as ELIZA [13], PARRY [14] and ALICE [15]. The Loebner Prize competi-
tion [16], conducted annually since 1991, was the first formal instantiation
of a Turing test.



13

In recent years, the explosion of mobile web usage as well as improve-
ments in natural language parsing have led to a resurgence in chatbots.
These chatbots are designed with much more pragmatic ends in mind,
such as virtual assistants that help book flight tickets or order pizza de-
livery. Many recent language understanding services such as Microsoft
LUIS [17],Watson Conversation [18] and Amazon Lex [19] are designed to
ease development of such chatbots. Due to their closed-source nature and
licensing restrictions, however, we chose to build our research prototype
Ava using the open-source AIML [20] chatbot framework.

An important observation is that practical conversational interfaces
can function reasonably well while understanding only a restricted subset
of natural language. Such a “controlled natural language” (CNL) removes
ambiguity in interpretation, thereby easing development of such interfaces.
This approach has therefore found increasing use, including in air traffic
control [21, 22]. Some CNLs can also be mapped to first-order logic for
unambiguous interpretation (e.g. [23, 24]), and we build on this insight
to control Ava’s chat language.

There has been a large body of research aimed at simplifying data
access for non-programmers through the use of natural language, dating
back to late 1960s. We direct the interested reader to the comprehen-
sive survey [25] of NL interfaces for databases (NLIDBs) to review the
progress made over several decades. In the early NLIDBs, the acceptable
input query grammar was usually tailored to the specific data schema,
reducing their general applicability. More recent work, including Mi-
crosoft English [26], Precise [27], Nalix [28], Nalir [29], Athena [9] and
Nauda [30], has sought to overcome this shortcoming by translating to
SQL in a generic fashion. While systems such as Microsoft English [26]
and Athena [9] rely on a semantic model of the database to correctly inter-
pret natural language queries, others like Precise [27] and Nalir [29] use

only the names of database elements and their synonyms. Most recently,
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EchoQuery [31] demonstrated a conversational, speech-based interface.
Ava too advocates using natural language as the interface to data systems.
We believe research on NLIDBs to be complementary to our own, since we
target the broader data science domain rather than the database interface.

There is broad recognition that various aspects of DS pipelines must
be optimized (e.g. [32-34]), and we have a similar overall goal. We ad-
vocate a specific approach for part of this problem using chatbots; many
other aspects in previous work, such as smarter parameter selection, are
complementary with our proposed approach.

2.2 System Design and Architecture

Ava interactively guides the data scientist through the process of deciding
among the various tasks to be performed at every stage of the workflow. It
does so using a conversation storyboard that mimics the decision-making

process of a data scientist.

Example 2.1. We have used Ava to execute the workflow in Example 1.1 in an
initial user study. Figure 2.1 shows a timeline view of the resulting conversa-
tion for a sample user. Ava interactively quides Daisy through the successive
stages of the workflow. At each stage, Ava uses natural language questions to
clarify Daisy’s intent and then executes the appropriately instantiated code tem-
plate. Ava also proactively reports meta-information that might help Daisy take
the next action, like automatically reporting the cross-validation accuracy after
training a model. In future, Ava will also learn to make recommendations, such
as proposing that a decision tree may be a more accurate model than logistic re-
gression in a similar context.



15

‘1'1 o[durexy ur yse) 90uLIdS eJEp S} 10 UOTILSIIAUOD LAY [€NIOE Ue JO dUI[oW) V :]°Z 9INJL]

s92.13

Jeau|qiy 4anj0s pue

2813 UoISPAP wospop 30/d D0Y 2ZI A3jeuad yim uoissa.ibal d13s1boj uny 106.42) éAsa ajdwes uiesy
oN  oN ay3 aw Moys < Adonua |7tk £ 9W MOYS s34 uds 0t-09 12qe| se 12b1e3 Sap  3daoxe woy
7 so4 or OoN 7 e op ‘sap uwnjos asooy) 7 |16 8500y SPA  ejep peoj noA ued
TWZT. | TWOT. 7 i uwz " T i o i o T A i i
(Jos ot « oo o] o 3 s 4 esle be] ¢ eeae b et o b4
: : £159) pue uesy ojul eyep ] X :
; : ¢sadnieay
isy01d ds 153 ; noA Ji|ds 03 Juem noA og | |esuobaes
Jay10 ayy 4oy Bupjoo| 2podud 03 aw

*Mou 10} ‘2Ag "noA v_:mﬂzF MaIA 01 ;axdu op 03 | USUM Japisuod ésyoid

é1xau op

juem  juem noA 03 sainjeay 19430 03 3UBM NOA JnoAsiyys i
nokog  opleym 40 Jaquinu M3IA 0} op 1eyMm ¢l2ge] se 39s 0
‘paAeidsia  "80/£°0 S S43 1233 uem  '€z//°0 S 21| NOA pjnom
oL Aveinze 03 9213 \__‘z”; ummmﬂ> noA oa Aeunaoe *uolssaibal o13s160| ‘saa13 :o_m,umc_uE:_ou o

Zlopow Juaiayip e Ino A1y 0} Sl nox  Uorsired Bunsay auL noA op daap MoH ! si UD(Nman_V. bunsay auL aJe swyjuoble uonedyissepd Aseuiq payioddns
PINOM 18} OS £:53.n3ea) xew ids oy ‘pakeidsia 2y "396.83 UWN|OD 10J SAN|RA 7 BB YL
‘0T:y3dap xew 4 : '
40 Ayjenb ayp aunsesw oy o0d £B1BP 1591 UO [9POW INOA UNJ 03 3UBM NOA

‘Ado1jua:uoLIdLID YIM 9343 UOISIDDp
‘1eaul|q| J9A|0S pue

zI:Ajeuad yum uoissasbal onsibo|
IN0 pau) 9AeY NOA

Adoujua Jo 1uib Jay31e asooyD
H iejep 1s9) uo
|9pow 1noA unu 03 Juem noA og "€ZTZ'0

SI UonEpI[eA SS01D Ja)e Adeundde Byl

¢[opow JuaIay)

0Q "0€££’0 S! UOIIEPIEA SSOJD J2)je Adeundde ayl
B 1IN0 AJ3 03 31| NOA

PINOM “J8J 0S Jeaul|qi| JaA[0S pue
zl:Ajeuad yum uoissalbal onsibo|

N0 pall} aAeY NOA

*sanjea Buissiw uy

1) 03 Juanbauy 3sow

pue ueipaw ‘uesw
Bbuowe asooy)

PINOM SUWIN(OD UIYM

‘eAy we |

£S4njes) se suwnjod

109J9S 03 JUBM NOA 0Q "Blep INOA

EYCEYENT

| SUWIN|OD YEGT PUB SMOJ 000'ST

|nJSs920Ns papeo) eleq

ioey oy
Apeas w,] 30q3eyd
20UBIPS eIEP By}

ISH



16

2.2.1 Client-Server Jupyter Notebook Design

The conversational nature of Ava naturally lends itself to using a notebook-
style of interaction. Ava currently uses the Jupyter Notebook environment.
This notebook style also allows a data scientist to “take over” from Ava and
switch to their current mode of operations. The Jupyter Notebook [35] is an
interactive computing environment that is widely used by data scientists.
As the user types in code (typically in Python or R), the code can be
executed, and results, including tables and figures, are produced inline
with the interface. Thus, a notebook can be produced with the code,
intermediate results, and the final results. Juypter also has a client-server
architecture. In the server side of the Jupyter Notebook framework, there
is a programming language-specific kernel. This kernel manages the
interactive context and controls code executions that are triggered by the
client. The client communicates with the kernel using a RESTful APIL. It
is possible to run the client and the server on different machines. Ava
taps into this existing architecture of Jupyter as described in more detail
in Section 2.2.2.

2.2.2 Control Flow Architecture

At a high-level, Ava is built on the Jupyter Notebook framework. An ex-
tended IPython kernel serves as the chat server. The chat server is respon-
sible for parsing the chat messages, extracting the semantic information
about the task to be performed, identifying when further clarification is re-
quired, and finally generating the executable code. The Ava chat client has
an instant messaging-like interface, and runs above the regular notebook
client, as shown in the screenshot in Figure 2.2. The user interacts directly
with the chat client, providing instructions and answering questions using
chat messages. When the specification for some task is completed, the Ava
chat server triggers Python code generation.
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Zjupyter Aava

Ava: Your Data Science assistant
You: Survived

Load data Ava: To evaluate your model we
need train and test data. Do you wish
import pandas as pd to load the test dataset? You can also

“train.csv" s = >
ba.read csv(file path,encoding="utf—8") split the data into train and test.

-copy (deep=True) Hint: You can instruct me to split the
data by saying "do a

#Selecting Features 2 3
columns [column.strip() for column in "Pclass,Age,Sex”.split('|rain_split_percentage -
exclude columns = [column.strip() for column in "Passengerld,: test split_percentage split". e.g "do a
for col in exclude_columns:

Zipeas e 3 60-40 spilit".
X =loaded data[columns] You: do a 60-40 split
Solusn-nemcol” Seolamne Ava: Splitting the data into train and
. test ...

Encode Cateqorical Featuras Ava: The are 2 values for the column
x=pd.get_dummies (X) Survived. The supported binary
column names = X.columns

- classification algorithms are decision
Fill Missing Data trees, logistic regression and SVM
from sklearn.preprocessing import Imputer Hint: Type "Run name-of-the-

Imputer(missing values="NaN", strategy="mean", axis=0, algorithm" to select an algorithm. e.g.
imputer=imputer.fit(X) 5% o =
X=imputer.transform(X) run logistic regression

N You: run decision trees
#Selecting Label " ol .
Y=loaded dataf"Survived"] Ava: Pick a splitting criterion for the
decision tree. The choices are gini

Train Test Spl and entropy.

import numpy as np You: entropy
from sklearn.model selection import train test _split Ava: How deep do you want your
train_indices, test_indices = train test split( xrange(X.shape[(
decision tree to be?

from sklearn import tree nt: Enter an integer value. Deeper

K1 i Hint: Ente 2 /i D
dt_clf entropy = tree.DecisionTreeClassifier(criterion="entropy e
gy s n ey by iy decision trees are more complex.
from sklearn.model selection Import cross_val score You: 2
dt_clf entropy cv_scores = cross_val score(dt clf entropy, X t=r:

Ava: Enter the number of features to
consider when looking for the best

testing dt_cIf_entropy split. The choices you have are:
from sklearn.metrics import accuracy_Score - An integer number, which will
dt_clf entropy predicted labels = dt_clf entropy.predict(X_test set the max_features at each

at_clf entropy prediction accuracy —accuracy score(y test, dt c: e
spli
= A decimal number, in this case,

ion Tree 2
max_features is a percentage

Visualize Deci:

from IPython.display import Image . and int(max_features *
from sklearn.externals.six import StringIO

import pydotplus n_features) features are
dot_data = StringIo()

considered at each split

tree.export_graphviz(dt_clf_entropy, out_file=dot_data,
If auto, then

filled=True, rounded=True,
feature names = [c.encode("utf-8")for c in column_i _
class_names = [str(v) for v in loaded data max_features=sqrt(n_features)
special characters=True If None, then
graph = pydotplus.graph_from dot data(dot_data.getvalue())
Image(graph.create _png(), width=400, height=400) max_features=number of

features

You: auto

Ava: The accuracy after cross
validation is 0.785. Do you want to
run your model on the test data?
Hint: Type "Yes" to see the accuracy of
the algorithm on the test data.

You: yes

Ava: The testing accuracy is 0.776.
What do you want to do next?

T (SRR
T °E £33
s | (e,

5 et

ROC Hint: Type "show ROC plot” to see a
ROC piot of the classifier you chose. If
#matplotlib inline your current choice of classifier is

import matplotlib.pyplot as plt e = i
from sklearn.metrics import roc_curve, auc decision trees type "show decision tree

fpr,tpr, . = roc curve(y test, dt clf entropy predicted_labels) |fo visualize the tree.

roc_auc = auc(fpr, tpr) : isi
plt.figure() You: show decision tree

plt.plot(fpr, tpr, OC curve (area = %0.2f)" % roc_auc) |Ava: Decision tree generated. Do
plt.plot([0, 11, (O, k—") :

plt.x1im([0-0, 1.01) you want to view any other plots?
RLETIim (L0 1-051) You: show roc

plt.xlabel("False Positive Rate”)

plt.ylabel("True Positive Rate") Ava: ROC generated. Do you want to

plt.title("Receiver operating characteristic") . >
plt.legend(loc="lower right") view any other plots?

plt.show() Hint: Type "show ROC plot” to see a
ROC plot of the classifier you chose. If
your current choice of classifier is
decision trees type "show the decision
tree" to visualize the decision tree. Type
“No" to move on to the next
conversation.
You: No
Ava: You have tried
= decision tree with
max_features:auto,
max_depth:2, criterion:entropy

so far. Would you like to try out a
different model?

Hint: Type "yes" to select a new
algorithm. Type "No" to exit the
convesation.

No|

Figure 2.2: Ava in action. The right panel is the chat window. The con-
versation between the user and Ava is carried out in this chat window.
Actual code is created and run in the left panel using the regular Jupyter
Notebook interface.
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After executing this code, Ava updates the Jupyter Notebook with both
the code and its result. Thus, a user can take over from Ava at any point
and directly write code in the notebook. This aspect is crucial, as it allows
advanced users to jump back to the usual mode of “driving” the data
analysis process, minimizing frustration when the task at hand can’t be
done using Ava. (Although, at this point, the one-to-one correspondence
between a chat and the associated code is lost.)

P Conversational Agent ---- - 5 - Task Code Generator -~
i Chat Client Chat Server ; Argument Template
- x é ! Identlﬂne-r Repository
’ " #ln E i
Knowledge ' Template Instantiator
Base Um™ — T T Ty

Instantiated Task Template

Figure 2.3: Overview of Ava’s control flow architecture.

Figure 2.3 shows Ava’s control flow architecture. The user chats with
the conversational agent in a Controlled Natural Language. The conversa-
tional agent consists of a chat client and a chat server, and matches the input
with patterns in the AIML files (more details about how Ava uses AIML is
presented below in Section 2.2.4). The conversational agent is responsible
for steering the conversation towards a full task specification.

The chat server consists of a pair of processes, one that is the AIML
interpreter (a Java process), and the other that is the iPython kernel. The
chat client sends the messages that are typed by the user to the IPython
kernel, using IPython’s REST-based communication APL



19

The IPython kernel then passes the chat message that it received to the
AIML interpreter (which is part of the chat server). The IPython kernel
communicates with the AIML interpreter using JPype [36]. Once the
AIML interpreter matches the chat message with a pattern in the AIML
files, it sends a response back to the IPython kernel using JPype. The
IPython kernel, then relays back the response to the Ava chat client using
the kernel’s REST-based API. The conversation between Ava and the user
continues until a full task specification is reached.

Once a specification is complete, the system signals the task code gener-
ator, which looks up its template repository to identify the template that best
matches the task specification. Its arqument identifier extracts the template
parameters from the chat messages, and the template instantiator fills out
the chosen template with the user-specified parameter values. The gener-
ated code is now executed on the underlying DS platform. Both the code
and the results are also presented back to the user in the Jupyter Notebook
client. The chat server logs all interactions to be compiled into a knowledge
base and consults it to guide the workflow towards the optimal pipeline.

Note that the discussion above described how the template code gen-
erates Python code to run in the Jupyter Notebook client. This same
mechanism can be used to call out to other ML libraries by simply having
the template code invoke APIs in the ML platform (e.g., TensorFlow),
which can be run as a separate process. Ava is currently packaged as a
Docker [37] image, which also allows for easy packaging and deployment
of all the associated components.

Further, Ava automatically suggests tasks as well as presents statistical
data and visualizations to aid the data scientist in the process of exploratory
analysis. We envision that Ava will eventually manage data movement
between tasks (orchestrating multiple subsystems such as databases and
ML libraries) as well as between machines (intelligently spawning ap-
propriate instances in the cloud on-demand), thereby resulting in further
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improvement in productivity.

However, we acknowledge that the capabilities of such an interface will
likely lag behind the fast-evolving libraries in the underlying ecosystem.
To minimize any frustration on the part of the experienced data scientist,
Ava always allows a user to seamlessly drop into a familiar programming
interface (the Jupyter Notebook) at any stage in the workflow.

Throughout this process, Ava logs its interactions with the data sci-
entist, producing a rich dataset that we will eventually compile into a
growing knowledge base for DS pipelines. We envision that this process of
constantly learning from user interactions will make Ava more intelligent
over time, helping data scientists find the optimal pipeline ever faster.

We note that the chat logs provide a natural way to document the
choices that are made. Chat logs are easier to read (compared to examining
a stitched sequence of code), to review /revisit decisions, and to reuse

portions of the decisions in building future pipelines.

2.2.3 Controlled Natural Language (CNL)

While NL is highly expressive and capable of representing arbitrary con-
cepts, this expressiveness comes with ambiguity and poses a challenge
for automatic semantic inference. CNLs [23] provide a middle ground
that balances the expressiveness of natural language with ease of seman-
tic inference by restricting the vocabulary and grammar in the language.
Thus a CNL constrains the input to be more concise, with a less general
sentence structure, making it easier to parse and extract meaning from the
input sentences. (CNLs have been used successfully in many domains,
including air traffic control [22].)

The sentence structure for Ava’s CNL is: <ACTION VERB> <NOUN> <PREDICATE>.
For example, a data scientist can say Run logistic regression with penalty
12 and solver liblinear to instruct Ava to fit a logistic regression classifier.
Here, “Run” is the ACTION VERB, “logistic regression” is the NOUN and
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“with penalty 12 and solver liblinear” is the PREDICATE. This simple sen-
tence structure makes it easy for Ava to identify the action to be taken in
response to the user’s input as well as the parameters associated with the

action.

2.2.4 Artificial Intelligence Markup Language

In addition to CNL processing, Ava has to maintain a conversational
context. We briefly describe our approach here.
The conversational context is represented by a state machine, which

has the following key elements:

e The current state of the conversation, e.g., What stage of the workflow
are we in? What are the dataset and model variables in scope?

e The allowable inputs that will trigger a state transition, e.g., What
can the user say at this stage in the workflow to choose a task or move to

the next stage?

e The corresponding actions that Ava must take when the user effects
a state transition, e.g., What code should be executed when the user asks

to train a decision tree?

The state machine is wrapped up with a layer that implements the
actual chat/conversation. We use the popular XML dialect, Artificial
Intelligence Markup Language (AIML) [20], to represent the state machine
for our chatbot. Each unit of conversation in AIML, called a category,
consists of a pattern that represents a possible user input and a template
that represents an action that the chatbot can take. An example listing is
shown below:
<aiml>

<category>
<pattern>HELLO</pattern>
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<template>Hi, there !</template>
</category>
</aiml>

Listing 2.1: A Sample AIML pattern pattern

We have created various AIML files to script each possible interaction
that Ava can have. We also use existing open-source libraries for pars-
ing AIML and running a conversational agent, using developer-defined
callbacks for processing user input and effecting state transitions.

2.2.5 Task Template Repository

As we observed in Chapter 1, the code for executing a DS workflow task is
templatized. In Ava, each such template is represented using a text file
with placeholders for the various parameters that can be set. We maintain
a repository of such templates, along with a mapping from specific tasks,
such as Model Training for Decision Tree, to the corresponding code template
file. These templates are specific to the underlying libraries or tools that
Ava uses and are manually created by us in this initial implementation.
In the future, we plan to augment it using static analysis techniques to
automatically generate templates from the source code and documentation

of the underlying library.

2.2.6 Conversation Storyboard

Ava'’s conversations with the user are guided through a storyboard, which
is represented as a set of AIML files. The storyboard describes the dia-
logue between the data scientist and Ava in CNL, and Ava’s actions in
response. These responses are often questions that Ava must ask the user

to disambiguate their intent and arrive at a complete task specification.
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Figure 2.4 visualizes an excerpt of the storyboard in the form of a
set of flowcharts. The first flowchart is a high-level view of the different
stages of the DS workflow. Corresponding to each stage, the figure shows
a separate sub-flowchart. The Model Selection (MS) flowchart describes
how Ava uses multiple prompts to identify whether the user is interested
in a classification, regression or clustering method. The flowcharts for
Classification (C) and Unsupervised Learning (U) further detail how Ava
talks to the user to identify the specific method (say Decision Trees) and its
parameters (information criterion and maximum tree depth). When the
task specification is complete, the storyboard also instructs Ava to load
the corresponding task template and execute it.

Therefore, a particular workflow plays out as a conversation with Ava,
which is modeled as a walk through the flowchart graph. Note that the
storyboard is also a template for the entire DS workflow (in contrast to
the task-specific template library described in Section 2.2.5). Over time, as
Ava grows its knowledge base, we envision that much of the storyboard
will be automated, reducing the need for user prompts. For instance, Ava
may eventually learn what decision tree hyper-parameters to use so that
those prompts in the storyboard are replaced by lookups in the knowledge
base.

2.2.7 Salient Aspects

The finite state machine (FSM) framework is crucial to Ava’s ability to
unambiguously convert from conversations in CNL to executable code.
The FSM states, through the use of CNL, make interpretation of the con-
versation tractable and unambiguous. The FSM transitions allow Ava
to drive the conversation towards a complete task specification. Finally,
the task templates allow Ava to generate and execute the code for a task,
decoupling underlying libraries from the chat engine.

Ava’s modular architecture allows implementation of each component
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using the appropriate technologies. This modularity also allows us to
easily extend Ava’s capabilities, such as adding new ML, methods, or

libraries.

2.3 Experiments

We designed single-subject and multiple-subject trials to analyze the effi-
ciency of Ava in constructing DS pipelines. We present our experimental

design and results in this section.

2.3.1 Single-Subject Trial

We conducted this experiment with a single user playing the role of Daisy
in the DS workflow in Example 1.1. We chose the specific Kaggle task [38]
where the goal is to identify customers for direct marketing. For training,
we used a 15% sample of the 1GB customer dataset, consisting of 25000
rows and 1934 columns. We ran this experiment on a MacBook with a
dual-core Intel i7 processor and 8GB of memory. We configured Ava to
generate code using the Pandas, Matplotlib, and scikit-learn libraries. Our
current Ava prototype has a small number of hand-written templates in its
template repository. The knowledge base consists of a set of hand-written
rules providing user assistance (including recommendations) based on
prefix-based exact matching of the state of the current conversation.

Figure 2.1 visualizes the conversation flow in the form of a timeline
with timings measured from our user study for an actual user. Figure 2.2
shows a screenshot of the interaction with Ava. All the interaction between
Ava and the user occurs through chat messages in (controlled) natural
language, although Ava also presents the generated code and graphs in
the Jupyter Notebook interface alongside the conversation window.

A key objective in this experiment was to study Ava'’s response time,

which we define as the time it takes for Ava to respond to a given user
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request, not including any time spent in executing generated code for a
task. Our measurements showed that the average response time was 93 ms,
whereas the maximum was 558 ms. Thus, we believe that our CNL/AIML
framework in Ava has fast response times, which is crucial for a chatbot
framework. We note that the total time to assemble the final DS pipeline,
in this case, was 12 minutes (this includes the time to run the machine
learning models in scikit-learn). Of these 12 minutes, only 2 seconds
were spent in Ava’s client-server engine. We expect novice users with
this DS problem to spend many more minutes putting together the same
pipeline by writing code. Additionally, since an expert user can always
drop down to the notebook programming interface, Ava does not signifi-
cantly impair their productivity even in the worst case (2 seconds in this
case). We believe that Ava’s proactive presentation of meta-information
and recommendations would likely improve productivity for even the

experts.

2.3.2 Multiple-Subject Trials

Inspired by the results of the single-subject trial, we conducted a more
detailed study to test our hypothesis that Ava significantly improves pro-
ductivity of its non-expert users, with only a small learning curve. In this
study, we asked users to complete the same data science task using both
Ava and Python packages and measured various metrics of productivity.

Participants. We recruited graduate students from the Computer Sci-
ences Department at the University of Wisconsin-Madison for this experi-
ment. All students in this user group had exposure to machine learning
and data science through their coursework but were not otherwise experi-
enced in these domains. We administered a Python proficiency test and
picked 16 participants who passed this test.

Task and data description. The task that we chose for this study was

one of predicting customer churn for a telecommunications firm [39]. The
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objective of the task is to develop a model to classify which customers
are most likely to refrain from renewing their contract when it ends. We
obtained a dataset consisting of historical details and account usage infor-
mation for customers of the telecommunications firm, along with labels
that indicate whether or not they renewed their contract. These labels,
however, were skewed in that only 433 of the 3333 customers had termi-
nated their contract. We sampled a subset consisting of 2300 customer
records and provided them as training data to the participants. The re-
maining 1033 customer records were used as a held-out test set to evaluate
the models developed by the participants. All participants used the same
machine, which was a MacBook with 2.8 GHz Intel Core i7 processor and
16GB of memory.

Each participant performed this task once using Ava and once using
the Python packages (pandas and scikit-learn). In both cases, the par-
ticipants were required to follow a 10-step procedure to develop a DS
pipeline. The pipeline included steps for feature selection, model training,
cross-validation, and visualizing data that described the accuracy of the
constructed model(s). For simplicity, we limited the choice of machine
learning algorithms to logistic regression, support vector machines and
decision trees. We limited the duration of the task to 30 minutes when
using Ava and to 60 minutes when using Python. Participants were in-
structed to explore as many models (combination of learning algorithm,
features and hyper-parameter choices) as they could within this duration.
They were free to use any documentation, tutorials or code samples from
the Internet to help them complete the task. Note that the participants
were given no training or instruction on the usage of Ava.

More details about the dataset as well as the exact task description are
available at [40, 41].
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2.4 Results

Productivity Improvement. We used three different metrics to measure
productivity. These metrics are: a) the time taken to complete the first
model, b) the number of models that were constructed in a fixed amount
of time, and c) the time taken to complete successive models after the
first model was constructed. As an overview of our findings (described
in detail below), we saw big productivity improvements in each of these
three metrics with Ava.

Note that all time measurements include the actual processing time
for the analytics steps (within the underlying ML and the visualization
libraries), in addition to the time spent by participants in manually pro-
ceeding through the steps in the analysis task.

First, we consider the time taken by the participants to train their first
working ML model. The distribution of the results using this metric is
shown as box plots [42] in Figure 2.5.

60 |- — -
50 |- -
40 | -

30 |- 1 -

Time (minutes)

20 |- -

10 |- -

0 Il Il
Python Ava

Figure 2.5: Distribution of the time taken by participants to complete the
first model.

Of the 16 participants, only 13 completed their first model using Python
within the allotted task duration of 60 minutes. On average, these partic-
ipants took 45 minutes to do so. On the other hand, all 16 participants
completed their first model using Ava within 14 minutes, with an average
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time of about 7 minutes. Thus, we observed an improvement of more than
6x in this productivity metric.

Second, we consider the number of models that the participants could
train within the allotted duration using each approach. Only one of the
participants was able to train more than one model using the Python
packages within 60 minutes. On the other hand, every participant could
explore at least 7 models using Ava, and on average, each participant
explored about 11 models within the allotted 30 minutes. Thus, Ava
produced at least an order of magnitude improvement in productivity by
this metric.

Finally, we note that the participants spent less than 3 minutes training
each subsequent model after the first one using Ava. This time was about
half a minute faster than the average time per successive model using
Python for the single participant that completed training of more than one
model.

Learning Curve. Of the 16 participants in the study, half were ran-
domly chosen to perform the task using Python packages before doing so
with Ava (we denote this group using the label Group-PA). The remain-
ing half were asked to complete the task using Ava before doing so with
Python (indicated as Group-AP). Comparing the productivity differences
between these groups using the two approaches allows us to reason about
the learning curves with these two approaches. The distributions of the
time taken to train the first model for these two groups are shown in
Figure 2.6.
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Figure 2.6: Distribution of the time taken by participants to complete the
first model in each user group.

When performing the task using Python packages, the 8 participants in
Group-PA (who used Python before Ava) took, on average, 51 minutes to
train their first model. On the other hand, the 8 participants in Group-AP
(who used Ava before Python) took 7 minutes to train their first model.

Figure 2.7 compares the time taken by the participants to train the
first working model in Python and Ava when they did not have any prior

knowledge of the task.
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Figure 2.7: Distribution of unbiased task completion times.
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Also, familiarity with the task as well as the data science process (by
completing the task in Ava first) allowed the participants in Group-AP to
take only 27 minutes to reach the same milestone. Contrast this 14 minute
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(27%) improvement in productivity with the negligibly small 1 minute
improvement (from 7 minutes down to 6 minutes) to train the first model
using Ava in Groups-AP and -PA, respectively. Further, we saw only a
negligibly small difference in the average number of models trained by
the participants using Ava in the two groups.

We consider these observations as indicating that novice users can be
nearly equally productive with Ava regardless of their prior experience in
or familiarity with the data science process. We cannot, of course, extend
these conclusions directly to expert data scientists since they were not part
of this study.

Other Observations. Since we held out a subset of the labeled data
from the participants in the study, we were able to compare the accuracy
of their models on this (unseen) test set. A surprising observation was
that the “best” model trained by participants using their cross-validation
accuracy scores often had far lower accuracy scores on the test set. Clearly,
empowering users with the ability to explore a large number of models
in a short time had the unintended consequence of encouraging them to
create highly over-fitted models. Furthermore, nearly all the participants
seemed to have overlooked the skew in the labels (class frequencies) in
the datasets, thereby obtaining models that had much higher prediction
accuracies for one class than for the other.

These and other observations indicate that, despite data science training
and some hand-holding, users can still make mistakes that impair the
accuracy and usability of the DS pipelines they create. A DS workflow
tool such as Ava must be built with sanity checks and knowledge of best
practices to guide non-expert users away from such mistakes. In particular,
we are looking to add checks against over-fitting as well as detection of
class frequency imbalance into our Ava storyboard to address the specific
issues that we observed. We note that this aspect of providing expert

guidance or cautionary flags is an additional interesting aspect of Ava.
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Analogous to how automation helps drivers of cars with autonomous
features, with Ava, we can build safeguards that warn its user when the

user starts to tread into “unsafe” territory.

2.5 Conclusions

The true democratization of data requires dramatic simplification of the
methods used to extract insights from data. In Ava, we present a small
step in this direction, a conversational agent that targets improving the
productivity of data scientists. Ava uses controlled natural language as the
“programming” interface and has an architecture for building a knowledge
base that can improve the overall productivity in performing data analysis.
This initial approach opens the door to numerous open research challenges,
including managing and mining the knowledge base, recommending
visualizations, automatically building ML models and even larger issues

in making the Ava approach accessible to non-data scientists.
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3
DataChat: Ava Redesigned

Building off of Ava’s prototypical system design, we’ve developed Dat-
aChat. This intelligent system helps users to analyze, to explore, and to
derive insights from data using conversations in CNL. We’ve rearchitected
Ava to make the system more user-friendly, resource-effective, and scale
to handle larger datasets (as often the human user is in the “computa-
tional loop”). Further, we’ve improved upon Ava’s CNL specification and
implementation to be more robust, flexible, and extensible. This chapter
presents modifications to Ava’s CNL and describes improvements to Ava’s

system design and architecture.

3.1 Flexible and Robust CNL

As we note in Chapter 2, forcing the user to converse in CNL significantly
reduces the ambiguity inherent in uncontrolled NL. However, CNLs that
are too restrictive may still have a high-cognitive learning overhead. The
CNL used in Ava was inflexible in that the CNL was sensitive to the
presence or absence of stop words. The specification did not allow for
synonyms or mild variations to the sentence structure. For example, given
the Ava CNL specification Load data from the file <filename>, Ava

would fail to recognize the utterance Read file titanic.csv.



34

To account for such deficiencies in Ava’s CNL, we designed a flexible
yet simple CNL by incorporating synonyms and allowing minor variations
in sentence structure. It's important to note that DataChat’s CNL specifi-
cation, though more expressive than Ava’s CNL, remains a restricted and
unambiguous subset of uncontrolled NL. This design of using CNL is still
essential, as the key consideration for both Ava and DataChat is to be as
precise as traditional imperatively-programmed data science workflows
since the accuracy of the overall pipeline is critical in enterprise settings.

In this section, we describe the design of DataChat’s CNL.

3.1.1 Terminology

In DataChat, the user interacts with the system through conversations that
are either driven by the user or by the system. These conversations are im-
perative sentences. The system presents questions in the form of prompts
to the user, and the user responds to the prompts using utterances.

The system may have a set of computational tasks that it is capable of
executing. These tasks are exposed to the user through CNL. We call the
CNL specification of the tasks as intents. Intents can be refined further

and made more precise through the specification of values for the entities.

3.1.2 Pattern Language

DataChat’s CNL allows for the specification of user intents and entities
through a simple pattern language. In the pattern language, we specity
a pattern for every intent. Listing 3.1 shows a pattern specification in
DataChat’s pattern language corresponding to the task of loading data

from a file.

| "LoadDataFromFile" : Pattern(
2 LOAD data from the FILE <filepath>’,

3 synonyms={
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’load’: [’read’, ’import’],
+,
addnl_ignore=[’data’, ’dataset’],
entities={
’filepath’: PositionalEntity(FilePath(),
"Where is the source file located?"),
},
)
Listing 3.1: The LoadDataFromFile pattern

Listing 4.1 shows the pattern corresponding to the task of training a
decision tree classifier with a particular depth parameter and a specific
criterion (either GINI or entropy).

"TrainDecisionTreeClassifier": Pattern(’TRAIN a
DECISION TREE CLASSIFIER with <criterion> <
max_features> <max_depth>’,

synonyms={

’train’: [’build’],

I

addnl_ignore=[’model’, ’and’],

entities={

’criterion’: KeywordEntity (OneOf ([’gini’, ’entropy’
, ’all’]),

"What splitting criterion would you like to use in
building the decision tree? The supported values
are gini and entropy. Say ’all’ to try both of
the values",
[’criterion’]),
"max_features’: KeywordEntity (Number (),
"What is the maximum number of features that you’d

like me to consider for each split?",
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[’max features’, ’maximum number of features’,

13 maximum features’]),

—
'S

"max_depth’: KeywordEntity (Number (),

5 "What is the maximum depth of the decision tree you

want me to build?",

16 [’max depth’, ’maximum depth’]),

17 },)

Listing 3.2: The TrainDecisionTreeClassifier pattern

The following properties hold for each pattern in DataChat:

e Every pattern specifies a pattern statement.

e Conversations in DataChat are in imperative speech as each pattern

begins with a verb.

e The pattern consists of one or more words known as pattern identi-

fiers . The leading verb is one such pattern identifier. Pattern iden-
tifiers are used by DataChat’s CNL engine (Section 3.2) to match
a sentence with a pattern. Every pattern should consist of a non-
empty set of distinct identifiers. The pattern LoadDataFromFile has
a single identifier 1oad. Each identifier may optionally have a set of
synonyms. The presence of a synonym in an utterance is considered
equivalent to the presence of the corresponding identifier itself. For
instance, the LoadDataFromkFile pattern has synonyms read and
import. An utterance that is matched to a pattern should contain all

pattern identifiers or their synonyms.

Each pattern can have one or more associated entities. These entities
should appear in the pattern statement as well. The LoadDataFrom-
File pattern has a single entity called filename, corresponding to
the name of the file from which the data is to be loaded. The entity
specification indicates the data type of the values accepted by that
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entity and the entity’s location in the utterance. The entity data types
are defined in DataChat’s CNL engine.

Entities can be positional, keyword, or prepositional. Positional
entities are identified by the position in the pattern statement and
utterance relative to the identifiers, e.g., the filename entity in the
LoadDataFromFile pattern. Keyword entities may occur anywhere
in the utterance relative to each other: instead of their position — they
are parsed based their association (either before or after) with a

keyword in the utterance.

For instance, the entity criterion in the TrainDecisionTreeClassifier
pattern in Listing 4.1 can be mentioned as “train a decision tree
classifier with criterion gini" or “train a decision tree classifier with
gini as the criterion." Prepositional entities are used to specify a
sequence of words that are preceded by a preposition. In Listing 3.3,
<alert>is a prepositional entity that is preceded by the prepositional
phrase with alert level. This pattern will match utterances like
“predict the future daily usage for the next five days with alert level 1".
Prepositional entities provide a mechanism to specify phrase-level

matches instead of just keyword based matches.

"PredictFutureWaterUsage": Pattern(
>PREDICT future daily usage for the next <
num> days <alert>’,

synonyms={

’predict’: [’forecast’]
I
entities={
’num’: PositionalEntity(
Number (), ""),

’alert’: PrepositionalPhrase(
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10 Number (), "", [’with alert level’]
11 )L} )

Listing 3.3: The PredictFutureWaterUsage pattern

e By default, the CNL ignores commonly used stop words and func-
tors [43] in the English language, except for stop words occurring in
the prepositional entity specification. Words that carry no semantic
information to the pattern can be added to a list of ignored words in
the pattern specification. Such words exist merely as syntactic sugar
and for the purpose of making the conversation look more natural.

An example of an utterance that matches the LoadDataFromFile pat-
tern is: “Load data from the file titanic.csv”. Words such “data", “from"
and “the" are ignored, and the utterance gets reduced to it’s essence “load
file titanic.csv." Since “read" and “import" are synonyms for load, the “read
file titanic.csv" and “import file titanic.csv" are equivalent utterances.

Essentially, the DataChat CNL has flexibility in matching different
sentences with the same intent to a specific task, but this flexibility is
controlled so that there is a precise mapping. In contrast, in methods
that use uncontrolled natural language mappings to intent approach (e.g.
using deep neural networks), it is possible that the same sentence may
map to a different intent if the neural network is retrained.

For example, consider the sentence “Find the highest sale recorded
in California or Wisconsin”. (This would translate to a SQL task in Dat-
aChat.) Two different humans could think of this same sentence in two
different ways: one regaarding the correct answer to start by union-ing
both states into one basket and reporting the highest sales across both
states, and the other considering the correct answer as one that reports
the highest sale for each state. (There are other variants of interpreta-
tion, especially in the presence of duplicate highest sale values.) One can
easily imagine that a trained Neural Network may one day switch from
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one interpretation to the other depending on what data gets fed into the
retraining method. This un-stability makes it hard to construct reliable
deep DS pipelines (essentially writing a “program” as a sequence of NL
sentences) in an approach that does not control the grammar “variations”
by design. Database aficionados may recognize the similarity to query
optimization, where a new “improved” query optimizer that changes the
behavior of what used to happen before the improvement wrecks havoc
in operations, as the enterprise has to rely on the “old” way continuing to
work as they did before. Admittedly, the CNL approach requires human
training over an approach that uses (uncontrolled) NL as the DS program
“specification" language, but that tradeoff is what we make in our approach
as we place a strong emphasis on consistency/reproducibility. Another
way to look at our approach is that we have created a context-sensitive

grammar specification with natural English syntax.

3.2 CNL Engine

DataChat’s CNL engine is a parser that recognizes NL utterances specified
in DataChat’s CNL When a user submits an utterance such as “load data
from the file titanic.csv", the CNL parser first tokenizes the utterance
into words using a Spacy tokenizer [44]. Then, the parser identifies the
pattern in the CNL pattern specification corresponding to the utterance.
This process is known as intent classification. We note that this intent
classification task can be done using various methods ranging from a rule-
based method to using an ML-driven NLP method. However, with an
ML-based approach, one has to be mindful of the impact of what retraining
means (see the discussion above).

In this version of the CNL engine, we’ve implemented the intent clas-
sification using a keyword-based approach. Once the pattern (intent)

is identified, the engine extracts entities from the utterance. Since Dat-
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aChat is primarily designed for data analysis tasks, the entity extractor
should recognize complex data types such as dates, timestamps, currency,

zipcodes, to name a few.

3.2.1 Intent Classification

The intent classifier (or pattern identifier) is a keyword-based system that
matches an utterance with the patterns solely based on the identifiers. The
algorithm for intent classification is given in Algorithm 1.

3.2.2 Entity Extraction

Once the intent of an utterance is identified as belonging to a particular
pattern, the parser CNL engine extracts entities from the utterance (if
any exist). As we describe in Section 3.1, the CNL engine consists of
parsers that extract values corresponding to a data type specified by an
entity. We begin the entity extraction process by tokenizing the utterances.
The tokens in the utterances are tagged as identifiers, entities, or ignored
words.

Note that the pattern statement is a template for how the utterance
should look in terms of the relative ordering of the identifiers and the
entities. As the next step, we consume from the utterances while we
simultaneously traverse the pattern statement. If the pattern specification
expects an identifier at a particular location, then we skip past the ignored
words to locate that identifier in the utterance. We raise an error if we
cannot find the identifier.

Similarly, if the pattern statement specifies an entity, we skip past the
ignored words and extract the entity from the tokens using the entity-
specific parsers. The parsers throw a parse error if they cannot parse the
entity correctly. For instance, the entity parser for the criterion in TrainDe-

cisionTreeClassifier pattern will reject the utterance “train a decision tree
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Algorithm 1: Algorithm for Intent Classification

1 input : A user utterance ut in DataChat CNL, a map pm that
maps pattern identifiers to a list of patterns. A single
pattern identifier can occur in multiple patterns.

2 tokens < Tokenize (ut)

3 PatternldentifierCount <+ {}

4 for token t in tokens do

// only if the token is a pattern identifier

5 | if t € pm then

6 if |CandidatePatterns| == 0 then

// Take all the patterns for that token

7 CandidatePatterns <— CandidatePatterns U pml[t]

8 else

// Only keep the patterns that are common between
the CandidatePatterns and the patterns for the
token. We hierarchically prune the pattern
space as we see more and more tokens.

9 . CandidatePatterns «— CandidatePatterns N pm/|t]

10 if |CandidatePatterns | == 1 then
// We’ve found our target pattern
12 | return CandidatePatterns

13 else

// Count the identifier matches for each pattern
14 | for token t in tokens do

15 for pattern pat in pmlt] do

16 LPatternIdentifierCount [pat] < PClpat] +1

17 | CandidatePatterns <— argmax,q¢(pm)

18 | if |CandidatePatterns | ==1 then

// We’ve found the target pattern with the most
number of identifier that matches the user input.

20 return CandidatePatterns

21 | else
23 Lreturn Error
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classifier with criterion cross-entropy", as the value “cross-entropy" is not
a valid entry accepted by the parser for criterion (should be one of GINI
or Entropy).

In both the intent classification and entity extraction phases, we use the
lemma form of the word to make the CNL engine robust to morphological

variations.

3.3 Auto-suggest

While DataChat’s CNL specification reduces ambiguity in interpreting
NL, it still leaves the door open for a few other user experience-related
challenges:

Utterance Composition: How can the system guide the user so that
they can easily compose utterances that adhere to the CNL specification?

Task Capability Discovery: How can the system make its capabilities
known to the user so that the user can pick the capabilities they need to
solve the problem at hand?

To address these challenges, we couple our pattern specification with
an auto-suggest mechanism that guides the user to compose utterances
in DataChat’s CNL. As the user starts typing into a chat textbox, the
auto-suggest mechanism starts to recommend possible completions for
the user to choose. These possible completions range from identifiers,
keywords in the pattern language to entity values. Figure 3.1 shows the
working of auto-suggest in DataChat. When the user begins with an
empty input, the auto-suggest mechanism suggests words such as Plot,
Record, Remove, Rename, which are words that we use as identifiers in
our pattern specifications. Once the user has typed "Plot", auto-suggest
deems the suggestions that correspond to the other terms such as "Record",
"Remove", "Rename" irrelevant and discards the suggestions. As the user

continues to follow the suggestions, the auto-suggest mechanism discards



43

Plot a bar chart with x-axis
Record a boxplot with x-axis
Remove a bubble chart with x-axis
Rename a correlation matrix between
Replay a donut chart using the column
Sample a geo chart of
Save a heatman af the caliimn
Plot
(a) Initial auto-suggest list (b) Pruned suggestion list after the user
types plot

Figure 3.1: Auto-suggest in DataChat

more irrelevant suggestions. The auto-suggest mechanism successively
partitions the space of utterances (tasks) into narrower subspaces until

the user arrives at a single valid task specification in DataChat’s CNL.

3.4 Skills as a formalism of task templates

Recall that one of the main characteristics of a DS workflow is that the
tasks in the workflow are templatized. In Ava, these task templates are
represented as code templates. The main restriction of having static code
templates is that one code template cannot invoke another code template.
This restriction limits the ability to use the task templates to compose more
complex workflows. To get around this restriction, we formalize the task
templates as skills in DataChat. Skills are Python classes consisting of a
pattern in DataChat’s CNL that is used to understand corresponding user
utterances. The skills also implement logic (in code) that specifies how
to perform a task. This logic/code is equivalent to the task-template in
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Ava. Skills may also invoke other skills. The execution of a skill must
record success or failure status. Skills are logically grouped into skill sets.
A few skill sets in DataChat are Data I/O, Data transformation, Natural
Language Querying (NLQ), Visualization, Machine learning, Time series

analysis, and Graph analysis.

3.5 Modified Client-Server Architecture

Similar to Ava, DataChat also adopts an overall client-server architecture.
The initial prototypical version of Ava was a monolith; several components
were tied together into a single bundle of software with Jupyter notebook
as the backbone of the system. The monolith software design is an anti-
pattern in software engineering. Monoliths are hard to maintain, incur
high development costs, and are nearly impossible to scale.

The main goal in our system redesign was to break up the monolithic
structure of Ava into several independent but synergistic components that
interacted with each other to compose DS workflows from NL utterances.
To that end, we adopted the microservices architectural pattern in the
design of the DataChat platform. Microservice architecture is an archi-
tectural design pattern that modularizes an application as a collection
of highly maintainable, loosely coupled, and independently deployable
services [45]. Figure 3.2 shows the architecture of DataChat. Names with

underscores mark the microservices.

3.5.1 The DataChat App Ecosystem

Each user starts their data analysis workflow by launching an application
(shortened as "app") in DataChat. Apps are collections of skill sets that
help the user in solving a particular data analysis problem. These skill sets
can be unique to the app or shared across several apps. For example, an
app built for loan analysis can have data loading and data cleaning skill
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Figure 3.2: The DataChat microservices architecture.

sets, which other applications in DataChat can use.

"LoansAnalysis":

Pattern (

approval_year> <state>’,

synonyms={
>show ’: [’find’]
b
entities={
>approval_year’
Year (),
approved",

’state’

have been approved in?",

KeyWordEntity (

["approved"]),
KeyWordEntity (
List (State ()),

>’SHOW the LOANS

<

"When should the loans have been

"Which states should the loans
[’state’])
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o)
Listing 3.4: The LoansAnalysis pattern

The loan analysis application can also have a skill that analyzes loans
approved by state (shown in Listing 3.4), which is specific to that app.
Apps can target users with different levels of expertise. For instance, an
app targeting data scientists may consist of statistical inferencing and
ML-related skills that enable them to build models and fine-tune hyperpa-
rameters. However, an app targeted for Business Analysis may wrap these
specific ML skills into an Auto-ML skill that automates model building
and hyperparameter tuning for them. Thus, one can think of DataChat
as an ecosystem of data analysis apps (shown in Figure 3.3) akin to the
smartphone app eco system, where apps exist for a specific purpose (a
weather app only shows weather and a stock app shows stock prices), and
the apps leverage the capabilities of the underlying platform.

m\| DataChat

Figure 3.3: The DataChat app ecosystem.
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3.5.2 Chat Client

Users launch DataChat apps through a chat client, which is a web appli-
cation that runs in a browser. When a user launches an app, a session is
created for the user. The chat client sends messages typed by the user in a
session to the web server through a RESTful API. The client is responsi-
ble for rendering charts and tables and exposes functionality to upload
data files and download charts as images. The DataChat chat client is
implemented using the React JavaScript framework [46]. The module
design of the chat client enables it to be easily extended to build tools like
dashboards.

Once the user submits an utterance in a session through a web app,
the web server receives the utterance and queues the utterance for further
processing. The web server also performs other functions like managing

user authentication and handling file uploads.

3.5.3 DataChat Worker

Messages sent by the user in a session are queued until a DataChat worker
processes the messages. A unit of work in DataChat is an utterance from
the user. The worker performs the core functionality of mapping an ut-
terance in DataChat CNL to a task (skill) and executing that task. The
worker consists of a core platform that maintains session context, including
the conversational history, user credentials, database connections, cone,
and other user metadata relevant to the session. The core platform also
consists of a CNL engine that can parse utterances in DataChat CNL. Dat-
aChat’s workers are implemented in the Python programming language
to leverage the rich PyData ecosystem of data analytics tools.
Auto-suggest workers Auto-suggest workers aid the user in compos-
ing an utterance in DataChat’s CNL by suggesting possible completions
for a partial utterance. Figure 3.1 shows the working of auto-suggest in
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DataChat. When the user starts typing in the chat box, a request is made
to the auto-suggest worker to fetch the best possible completion(s) to what
the user has typed so far. These completions can either be single word or
multi-word phrases. The auto-suggest worker constructs a pattern tree
based on the pattern present in each skill of the app. The auto-suggest
worker traverses the pattern tree and uses the partial utterance from the
user to find the set of next best completions in a greedy manner i.e., if
there is only one multi-word completion that matches the users’ partial
utterance, the auto-suggest engine will fetch the entire phrase instead of
just fetching the next word. The auto-suggest worker is aware of the user’s
session context. The auto-suggest worker can use this context to suggest
column name completions or column value completions to the user.
DataChat’s workers are stateless. They are not bound to a single user
session. Once a worker has executed a skill in a session, the worker persists
all session states and objects created through skill execution to external
data stores and makes itself available to process the next utterance (which

can belong to a different user session).

3.5.4 Data Stores

The DataChat worker persists all session state and objects created through
skill execution to external data stores. A skill execution can create vari-
ous types of objects, and there are three fundamental types: relations,
charts, and models. DataChat creates relation objects when users load
data from a file, connect to an external database, or run data analysis
queries. The results of such operations are stored as tables or views in a
database called the relation store. Relational objects are Python objects
that act as handles to the actual table or view in the relational store. These
relation objects are stored in the object store. Chart objects are created by
executing the visualization skills. The chart objects are stored in the object
store. We use Redis [47] as the object store. Invoking ML skills creates
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ML models, which are stored on disk. The model object (which is also a
Python object) points to the location of the model on the disk.

Objects are stored in the object store as key-value pairs. The object
store exposes an API that consists of methods like get, put, drop, and
iterators to iterate over its objects. Skills use this API to interact with the
object store. The object store is partitioned into namespaces based on
the username. Sessions created by the user partition the user namespace
into sub-namespaces that are specific to each session. Objects created in a
session are stored under the session namespace by default. But skills can
also override this by choosing to store objects in the user namespace.

3.5.5 Transactions Over Object Stores

Recall that skills can call other skills, and these nested skill invocations
can run arbitrarily deep. Every skill invocation returns a success or failure
(uncaught exceptions are skill failures). The object store ensures that any
state changes or objects created by failed skill do not linger around after
the failed skill exits. The object store achieves this “atomicity” property by
committing state changes only on successful exit from a skill and rolling
back state changes on failure. State changes made by a skill are written into
tombstones. These tombstones are not accessible via the main object store
API. Thus, if a skill S2 tries to access an object which is being modified
by another skill S1, the skill S2 can only see the old value of the object
until skill S1 returns a success return code. The object store persists the
changes made within a tombstone only if the skill execution was successful.

Otherwise, changes made within the tombstone are discarded.

3.5.6 Publish-Subscribe Communication Mechanism

The web server and the workers interact through a publish-subscribe mech-

anism to exchange messages between the user and the worker. For each
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session, a pair of messaging queues acts as the communication channel
between the web server and the workers. The web server proxies the
messages received from a user session (via the chat client) into a mes-
saging queue (incoming). Similarly, the worker sends its responses for
an utterance through another messaging queue (outgoing). We use Rab-
bitMQ [48] to manage the creation and deletion of messaging queues in
DataChat.

3.5.7 DataChat Scheduler

DataChat maintains a pool of workers to process user utterances and
execute skills corresponding to those utterances. Recall that each user
interaction with DataChat happens in a session. The web server assigns
a unique session id to each user session. Workers in DataChat are not
bound to a single user session. Once a worker has finished processing an
utterance of one user session, it can process utterances from a completely
different user session.

A scheduler that runs in the web server assigns work to the workers.
The scheduler maintains a map of worker-to-user session assignments.
Once the web server receives a message from the chat client, the server
places the message into a task exchange. All workers subscribe to the task
exchange. The scheduler looks at the pool of workers and assigns an
available worker to process the message. If a worker is already processing
messages from a session, the scheduler does not assign workers to subse-
quent messages belonging to the same session. This way, the scheduler
guarantees the serial execution of the utterances.

Once a worker receives a message from a user session, it subscribes
to the incoming and outgoing message queues for that particular session.
The worker starts consuming messages from the incoming session queue
one by one until no message remains in the queue. During this action,
if the worker wants to send responses to the client, it publishes them to
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the outgoing session queue. The worker sends an acknowledgment to
the scheduler only after it has processed the message completely. The
scheduler can re-assign the message to another worker if it receives no
acknowledgment within a given timeframe. Thus, the scheduler ensures

that messages are not lost if the worker processing the message crashes.

3.6 Save and Replay Mechanism

Users interact with DataChat in CNL and compose data analysis workflows
by invoking skills within a DataChat app. The sequence of utterances
specified by the user act as a no-code program documenting the user’s
thought process and forms a solution template for the business problem
that the user is solving. A DataChat user can save and reuse this solution
template to solve similar business problems in the future. (They can also
share this chat with other users to collaborate.)

DataChat exposes a save mechanism through which the user can save
the entire data analysis workflow created within a DataChat app. The
DataChat worker logs every utterance made by the user, along with the
session state. Persisting a data analysis workflow is as simple as storing
the sequence of user utterances. Since failed utterances do not have any
persistent effects on the session state, the save mechanism excludes them
(safely) from the saved workflow. The workflows saved in this manner
can be reused later through a replay mechanism. The replay mechanism
sequentially executes the user utterances within the saved workflow. The
replay mechanism stops running the saved workflow when it encounters
an error while executing an utterance in the workflow. DataChat imple-
ments the save and replay mechanisms as skills. We note that that replay
mechanism should be atomic, i.e., objects created during a failed replay
should not be persistent. By implementing the replay mechanism as a

skill, we get atomicity without any additional work due to the properties
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of the tombstone mechanism.

3.7 DataChat as a Platform

As we described in Section 3.5.3, DataChat exposes a core platform API
that developers can use to create new skills and apps. This core API
includes functions that allow for one skill to invoke another skill in Dat-
aChat’s CNL. This mechanism allows for more complex skills to be com-
posed from simple skills.

In addition to the core platform API, users can access the capabilities
of DataChat via a REST API. Through this API, users can issue utter-
ances and retrieve objects produced in DataChat. The REST API makes
DataChat accessible to interfaces outside the DataChat software. Third-
party developers can develop custom user interfaces or integrate DataChat
functionality into their products by leveraging the DataChat APL

3.8 Scalability and Deployment

All the microservices in DataChat are containerized as Docker contain-
ers [37]. Containerizing DataChat’s microservices gives DataChat the
ability to be seamlessly deployed on any hardware platform or operating
system without having to worry about the underlying platform’s capabili-
ties. DataChat’s containers are orchestrated using the Docker Compose
framework [49]. Through Docker Compose, DataChat can seamlessly
scale up and scale down its microservices within a single machine and
across multiple devices. The design of DataChat also makes it possible to
scale microservices independently based on the workload. For example,
one can selectively choose to scale-up the worker and auto-suggest worker

to handle more concurrent users.
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3.9 Conclusion

In this chapter, we present the system design and architecture of Dat-
aChat, an improved version of Ava. We take a microservices architecture
approach to modularize DataChat into several microservices and seam-
lessly scale the microservices by containerizing them using Docker and
docker-compose.

We also take a stateless/serverless approach in designing our microser-
vices. In a conversation-based platform like DataChat, the system is likely
to spend most of its time waiting for the user to respond. The user can
execute an utterance and then spend a few minutes examining the re-
sulting chart or table. If workers/resources are bound to a user (i.e., the
platform holds the state of the user in memory), the worker will stay idle
until the user issues the next utterance, and thus compute and storage
resources will be utilized in a suboptimal way. A stateless approach frees
up the worker from waiting for the user thus making this approach more
resource-efficient.

We propose a more flexible CNL, implemented as a pattern language,
that allows the user flexibility in composing CNL utterances. Our current
CNL framework provides a first step towards making DataChat accessible

to a broader audience through the use of uncontrolled NL.
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4
DataChat: Ava Revisited

In the previous chapter, we proposed modifications to Ava’s CNL to cater
to a broader set of analytics tasks and formalized Ava’s CNL via a pattern
language. We also presented improvements to Ava’s system architecture,
implemented as a new system called DataChat. This chapter focuses on
DataChat’s enhancements for model selection, model training, Automated
Machine Learning (AutoML), and model inferencing. We introduce the
notion of an ML pipeline that serves as the abstract representation of the
ML task specified using Ava’s modified CNL specification. Finally, using
the new DataChat platform, we evaluate the efficacy of DataChat’s CNL
and the ML Pipeline framework for training models via a user study, and

we present our results.

4.1 ML Pipeline

In a typical ML workflow, data scientists start with a set of data points
(the training dataset) to identify and train a good predictive model for
their task. Often, this raw data cannot be fed to the ML algorithms directly.
A data scientist may need to pre-process the data, fill missing values,
encode categorical columns, engineer and select features to make the data
suitable for ML. After these steps are carried out, the data scientist must
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then perform algorithm selection, cross validation, and hyperparameter
optimization to obtain a good quality predictive model.

It is common for data scientists to develop models in a notebook-like
environment such as RStudio or Jupyter notebook. In such cases, the
code for various stages of the model training workflow is likely written
in a single notebook. These models are trained and productionized by
bundling the code in the notebook into a single code package. The end
product, in this case, is an ML model suitable for the task. This process,
however, is ad-hoc, challenging to maintain and scale because the work-
flow developed in the notebook is difficult to repeat and document. A
code-monolith (notebook-based) approach to training ML models also
makes retraining, measurement, and testing of models cumbersome. Ad-
ditionally, the code-monolith approach makes it hard to detect and isolate
errors during the model building process.

In contrast to the code-monolith way of training and deploying ML
models, an ML pipeline splits the ML workflow into independent, reusable
modular components. These independent components can be assembled
to train and deploy a model. An ML pipeline is a means to codify and
automate the workflow that is required to produce a machine learning
model. An ML pipeline consists of the various components of the ML
workflow and the map of how these components are combined to create
the model. The end product here is the end-to-end model training pipeline,

which can be reused and maintained.

4.1.1 ML Pipeline Advantages

Reusable sub-components In the ML pipeline, each stage of the model
training workflow is abstracted into an independent component. Thus,
when a new model needs to be trained, one has the flexibility to selectively

pick the pipeline components necessary for building that particular model.
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Subcomponents of the ML pipeline can be shared across users in the
organization.

Easy to scale The use of ML pipeline to train models within an organi-
zation provides a global view of the ML model training workflows within
the organization. This global view provides opportunities for cross-ML
workflow optimizations. For example, one can identify specific parts of
the pipeline that are heavily used throughout the organization. These
commonly used pipeline components can be cached and reused to improve
system efficiency and human productivity.

Easy to version and update With a single implementation of the ML
pipeline components being reused across various ML model workflows, it
becomes easier to version and update the pipeline components. Updating
the implementation of a single pipeline component will update all the

workflows that reuse that pipeline component.

Feature Filling Missing O One Hot Class Model
Selection values Encoding Imbalance Training

Handling

Figure 4.1: Multiple analysis without ML pipelines

The case for ML pipelines Consider the churn prediction task from
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Chapter 2. An ML workflow for training churn prediction models could
consist of steps such as feature selection, filling missing values, one-hot
encoding, class imbalance handling, and model training.

Figure 4.1 shows how training of multiple models would look like with
monolithic structures. The entire end-to-end workflow for training the
ML model is repeated for every model training iteration.

Contrast this with the ML pipeline approach shown in Figure 4.6. It’s
easy to swap out the ML model (algorithm) without breaking the whole
workflow while reusing the results of the common steps of the workflow

across every model training iteration.

Feature Filling Missing One Hot Class Model
Selection values Encoding Imbalance Training

Handling

0@
0-0-0-0-0
~O

Figure 4.2: Multiple analysis with ML pipelines.

4.2 Design Principles

We designed the DataChat’s ML pipeline framework to be more flexible
than Ava’s ML infrastructure while retaining its ability to be composable
using NL utterances. The ML pipeline serves as an abstract representation
of the ML task specification, which maps the ML task specification in
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DataChat’s CNL to the various stages involved in ML model training work-
flow. In this section, we describe the design principles behind DataChat’s
ML pipeline infrastructure.

Dataflow graph of logical DS workflow stages The ML pipeline graph
is a Directed Acyclic Graph (DAG) representing the flow of data between
the different logical stages of the DS workflow. The advantage of using
a DAG is that every node executes only once per execution instance of
the pipeline. This makes the pipeline simpler to define, understand, and
debug.

Framework agnostic The ML pipeline graph is independent of the un-
derlying DS framework/package (e.g., scikit-learn), which often provides
the concrete implementation of that component in the ML pipeline. In the
monolothic way of training ML models, a single programming language
and ML framework is used for training the ML model. But in the ML
pipeline framework, different parts can be written in different languages,
each using its own framework. This is a key strength when scaling model
training and deployment since it allows components of the pipeline to be
reused, regardless of language or framework .

Lazy execution Execution of the ML pipeline in DataChat is done in
two phases: The first phase defines the ML Pipeline graph with the dif-
ferent ML model training workflow components and the interconnection
between them. The second phase involves the execution of the pipeline
components represented by the pipeline nodes in the ML graph. Deferring
execution of the ML pipeline graph offers the flexibility to incorporate
framework choices at run time instead of choosing the framework upfront.
For example, one could start the ML model building process with an initial
dataset of a few hundreds of MBs that can be comfortably loaded using
pandas. However, the dataset may have many categorical columns, which
will lead to an explosion in the size of the dataset during the one-hot

encoding phase. It may be inefficient at this point to use scikit-learn as
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the framework of choice for model training. Due to the lazy evaluation
nature, the ML pipeline framework can detect the explosion in the size of
the dataset and switch to a framework like Dask [50] as the downstream
framework for model training.

Reusability of intermediate results The execution results of the pipeline
components can be cached and reused to warm start other model training
pipelines/workflows. For instance, in an ML pipeline that uses one-hot
encoding to train a decision tree model, the one-hot encoded dataset can
be cached. A new ML model that is trained on the same dataset can reuse
the cached result.

Parallelization Independent components of the ML pipeline graph

can be executed in parallel, resulting in faster model training times.

4.2.1 Execution Model

DataChat uses a single DAG to represent the different components of the
ML workflow and the data dependencies between the workflow compo-
nents. The nodes in the ML pipeline graph are stateless. This approach
makes it easy to execute independent components in parallel. The execu-
tion of these separate components can be scaled out to other devices if

necessary.

4.2.2 Constituents of the ML Pipeline Graph

Pipeline node We refer to the vertices in the ML pipeline graph as pipeline
nodes. An ML pipeline node is an abstract representation of the logical
states (e.g., feature selection, cross-validation) of an ML model training
workflow.

Pipeline edges represent the flow of information from one pipeline

node to another. Information that flows across the edges can be datasets
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created as a result of the execution of the pipeline node, or other metadata
that is produced as the result of the execution of upstream pipeline nodes.

ML knowleldge base This is a Data Science (DS) knowledge base that
encodes heuristics and common rules of thumb used by data scientists for
training models.

Node executor Each pipeline node has a node executor associated
with it. The main purpose of the node executor is to instantiate a concrete
implementation of the pipeline node and execute that implementation.
To do so, the node executor can use the metadata from the execution of
its parent nodes. Additionally, the node executor interfaces with the ML
knowledge base. The node executor can leverage the knowledge base to
make decisions regarding the choice of framework to execute the current
pipeline node. The node executor is responsible for caching the results
of the current pipeline node’s execution. The node executor stores the
node’s output in a key-values store, and passes the keys to the downstream
nodes, which are used by the downstream nodes to access the relevant
information from the parent nodes.

Pipeline executor The pipeline executor is the central coordinator that
is responsible for initializing the ML pipeline graph and invoking the node
executors. The pipeline executor maintains a global view of the execution
states of the various nodes in the pipeline graph. The pipeline executor
can also make decisions regarding execution of downstream pipeline node
based on the current execution state. For example, if the executor observes
that no missing values were detected in the data, it can skip the execution
of the fill missing values pipeline node. Note that the fill missing values
pipeline node is not removed from the pipeline graph. Retaining the
missing value node in the pipeline makes the pipeline robust to missing
values that could occur during future training iterations or predictions.

Pipeline graph execution In DataChat, the “train model” CNL is used

to instantiate the pipeline executor. The pipeline executor creates pipeline
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nodes and initializes the pipeline nodes with information extracted from
the “train model” CNL. At the start of the execution, the ML pipeline
executor topologically sorts the ML pipeline graph and begins invoking
the node executors.

4.3 AutoML in DataChat

A typical ML workflow involves various steps such as filling missing val-
ues, encoding categorical columns, feature engineering, feature selection,
model selection, hyperparameter tuning, cross-validation, and model train-
ing. The ML workflow is iterative, and it involves human experts trying
out various tools, techniques, and algorithms in the different stages of
the ML model building workflow to develop a good quality ML model.
Each of these steps may be challenging, resulting in significant hurdles
to using machine learning. Automated Machine Learning (AutoML) is
the process of automating the iterative tasks involved in machine learning
model development. AutoML dramatically simplifies the steps involved
in training an ML model for non-experts.

DataChat’s AutoML functionality allows users to train a variety of
Gradient Boosting (GB) models ([51-53]) for classification and regression
tasks. Gradient boosting methods are a class of algorithms that have
recently grown in popularity [54]. Since their advent, these algorithms
have dominated Kaggle competitions for classification and regression
tasks on tabular data and have become the most popular algorithms on
competition sites like Kaggle [51]. We’d like to note that restricting the
class of models explored by the AutoML framework is a design choice
rather than a limitation of our framework. By limiting the space of models
to the high-performing class of GB models, we reduce the effort (and time)
spent by the framework in finding a high quality model while retaining
the ability of the framework to generate high-quality models. The AutoML
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framework’s hyperparameter tuning interface can also be used to train
and tune specific models (e.g., Decision Trees, Logistic Regression), which
are not included by default in the framework’s model search space.
DataChat’s AutoML framework is built on the ML pipeline infrastruc-
ture, making it easy to extend the framework with new models. The
“Analyze” utterance in DataChat’s CNL invokes DataChat’s AutoML func-
tionality. Users can “Analyze” a dependent variable using an optional
list of independent variables. Under the hood, Ava’s AutoML framework
creates and executes ML pipelines for the space of models that it explores.
Common intermediate results from the execution of pipeline nodes are
reused across model search pipelines. The AutoML framework also taps
into the knowledge base to efficiently search through the model space.
For example, suppose the AutoML framework detects many categorical
features in a dataset that could cause an explosion in dataset size due to
one-hot encoding. The framework could decide to explore only Catboost
models as these models as that algorithm does not require categorical
columns to be one-hot encoded. At the end of the model exploration pro-
cess, the AutoML framework evaluates the models using cross-validation
and returns the best scoring model. The scoring metrics are automatically
chosen based on the type and distribution of the dependent variables.
Users can also override the AutoML framework’s choice of metrics.
Listing 4.1 shows the pattern for DataChat’s AutoML CNL.

I "AnalyzeDataset" :Pattern(’ANALYZE <
dependent _variable> <independent variables> <
exclude_features> <enabled optimizations> <
disabled_optimizations> <label_weight_ds>

setting the value of <timeout>’,

N

synonyms =9
3 ’train’: [’build’],

4},
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5 addnl_ignore=[’model’, ’and’],

6 entities={

7

8

10

11

12

14

15

16

17

18

19

20

21

22

23

’dependent_variable’: PositionalEntity(
NonRepeatingColumn (), "Which column
would you like to analyze?"),
’independent_variables’: KeywordEntity(
List (NonRepeatingColumn()),
"Which columns would you like to
use as the independent variables?", [’using’]),
’exclude features’: KeywordEntity (
List (NonRepeatingColumn (
autocomplete placeholder=’columns to exclude’)),
"Please provide a comma separated
list of column names you would like to exclude "
"from Analyze.", [’excluding’]),
’enabled_optimizations’: KeywordEntity(
ManyOf (candidates=
get_analyze_optimizer_enablers (), separators=’,’
)
"Which optimizations do you want to
enable for this Analysis?",
[’with’]1),

’disabled_optimizations’: KeywordEntity

ManyOf (candidates=
get_analyze_optimizer_disablers(), separators=’,
;)’

"Which optimizations do you want to

disable for this Analysis?",

[’without’]),
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25

27

28

29

30

31

64

’>label weight _ds’: KeywordEntity (
Dataset (autocomplete_placeholder=’
dataset mapping used to weigh imbalanced data
points’),
"Please provide the name of the
dataset with which to differentially weight data
points based on target class.",
[’weighting with’]),
’timeout’: KeywordEntity (
Number (),
"What is the maximum time in
seconds you would like to wait "
"for Analyze to finish?",
[’timeout’]
)
1)

Listing 4.1: Analyze’s CNL pattern specification

4.3.1 Feature Transformations

DataChat’s AutoML framework automatically infers the types of features
in the data. The framework uses these inferred types to explore various
feature transformation operations.

Automatic feature discretization Feature discretization or feature bin-
ning is a commonly used feature engineering technique to smoothen out
the noise in continuous columns. Discretizing continuous columns has the
added advantage of interpretability. For example, a continuous variable
such as Age can be understood better when discretized into buckets such
as infants, youth, and adults. The AutoML framework discretizes con-
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tinuous variables in relation to the target variable using a mixed-integer
program formulation for optimizing the bins [55] .

Automatic extraction of temporal information Date-time fields are a
common occurrence in real-world datasets. Extracting temporal informa-
tion from the date-time fields as features helps the model capture seasonal
trends and patterns in the data. DataChat’s AutoML framework automati-
cally detects periodicity in the data. The framework then extracts temporal
information from the date field.

Feature pruning DataChat’s AutoML framework automatically identi-
fies and eliminates features that are low signal by applying certain heuris-
tics. This includes removing fields like id columns, where most of the
values are unique. Additionally, the AutoML framework detects and
eliminates variables that are not highly correlated with the label. Low-
correlation feature elimination is only applied to linear models such as
logistic regression. The AutoML framework also detects feature pairs that
are highly correlated and eliminates one feature from the pair.

4.3.2 Class Imbalance Handling

An imbalanced classification problem is where there is a skew in the
distribution of the known classes in the dataset. Class imbalances pose
a significant challenge for modeling as most ML algorithms assume an
equal representation of the predictor variable in the dataset. Class skew
results in models that have poor predictive performance, specifically for
the minority class. Often, the minority class is more important (e.g., fraud
detection), and therefore the problem is more sensitive to classification
errors for the minority class than the majority class. DataChat’s AutoML
framework supports the following strategies for handling imbalanced
classes:

Oversampling One approach to address skew in class labels is to aug-
ment the minority class with additional samples. The naive approach is
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to duplicate the minority samples, but this approach does not provide
any new information to the model. Instead, the minority class can be
augmented by synthesizing artificial examples from the existing examples
— a technique known as SMOTE [56].

Class weighting is an alternate approach to handling imbalanced
classes is to use class weighting in which the minority classes are assigned
a weight significantly higher than the majority class. This informs the
model that the cost of misclassification of the minority class is higher than
the cost of misclassification for the majority class and forces the model to
pick up signals from the minority class.

Both class weighting and oversampling are implemented as ML pipeline
nodes. The AutoML framework uses oversampling as the default class

imbalance handling mechanism.

4.3.3 Explanations

The state-of-the-art models explored by the AutoML framework are highly
accurate, robust to noise in data, and work well on data from a wide variety
of domains. On the flip side, these models are complex and do not offer
insight into their inner working mechanisms. The inherent complexity
of the models coupled with their opaqueness impairs the ability of data
scientists to make decisions based on the results of the model. These
issues underscore the necessity of keeping humans in the loop via expla-
nations that can equip them to better understand the models and to make
better decisions [57]. The AutoML framework generates the following

explanations:
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ImpactOnModel vs. Features
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Figure 4.3: Feature importance metrics generated by DataChat’s AutoML
for the churn prediction task

Feature importance values indicate how much each feature in the
model contributed to a certain prediction made by the model per instance.
SHAP [58] is a method that uses a game-theoretic approach to generate
feature importances for each instance in the training dataset. The AutoML
framework generates model-level feature importances by taking the mean
absolute value of the SHAP values per feature, per instance of the training
data.

Figure 4.3 shows the feature importance metrics generated by Dat-
aChat’s AutoML framework using the SHAP framework. These feature

importance scores provide insight into the most important independent
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variables that influence the dependent variable. Analysts can use the im-
portant features to train other models or to inform downstream analytics
tasks.

Data Explanations complement model explanations in that they seek
to generate interesting visual explanations (charts) of the dependent vari-
able, solely using the data. These visual explanations are generated by
matching the independent variables (specified during model training)
with the chart specifications of different chart types from a chart library.
These visual explanations are generated by matching the independent
variables specified during model training and the specifications (visual
encodings and supported data types) of various chart types from a chart
library and by picking the best chart that fits the data. The following steps

outline the process involved in generating data explanations:

o The type of dependent variable (discrete or continuous) is first used

to prune the space of possible charts in the chart library.

e Each chart in the chart library is associated with a specification that
defines the mandatory and optional visual encodings channels, e.g.,
x-position, y-position, size, color, and the data type of the fields

suitable for that visual encoding channel.

e Then each chart in the pruned space of charts is checked for plausi-
bility. A chart is plausible only if its specification can be satisfied by a
subset of the independent variables specified during model training.

e The plausible charts are ranked based on their information content
(the more important features used in the chart, the greater is its
score), and the top-k charts are displayed to the user.

Accompanying each visual data explanation, is a description of the steps

taken by the AutoML framework, to generate that data explanation (Fig-
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ure 4.5). Thus, the AutoML framework makes the insight generation
process transparent by providing meta-explanations.

60.0+

40.0t0 60.0

tenureint20

20.0t0 40.0

0.0t020.0

tenurelnt20 vs. Contract, using size: CountOfRecords, color: Churn
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Figure 4.4: Data explanations generated by DataChat’s AutoML module

for the churn prediction task

Figure 4.4 shows the auto-generated insights comparing the contract
and tenure variables’ influence on the dependent variable Churn. From
the chart, one can infer that the churn rate is the highest in the month-
to-month bucket and lowest in the two-year bucket and that the longer

the customer stays irrespective of contract type, the less likely they are to

churn.
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This chart was created using
the following steps:

« First, | distributed tenure
into several buckets, each
with size 20, and named the
new column tenurelnt20

« Then, | computed the count
of records for each Churn,
Contract and tenurelnt20
calling the output column
CountOfRecords

« Finally, | plotted a bubble
chart with Contract as the x-
axis, tenurelnt20 as the y-
axis, CountOfRecords was
used to set the size of the
bubble, the bubble color
was set using Churn

Figure 4.5: Steps for generating the data explanation in Figure 4.4
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Pipeline Reports The AutoML skill generates a detailed report listing
all the stages of the ML pipeline, that were executed to train the model.
This report includes details on the type of data imputation carried out on
the features, the encoding performed on the target variable, the feature
transformation steps, the space of hyperparameters searched and the

parameters of the final model.

pipeLineStage message

Features list : Contract, Dependents, DeviceProtection, InternetService, MonthlyCharges, OnlineBackup,
Impute Features  OnlineSecurity, PaperlessBilling, Partner, PaymentMethod, SeniorCitizen, StreamingMovies,
StreamingTV, TechSupport, TotalCharges, tenure. No missing values found in features.

Impute Label Selected label : Churn. No missing values found in the label.
Autobinning Autobinned columns: . Bin Edges: {}

Detected categorical_features are Contract, Dependents, DeviceProtection, InternetService,
Encode Features OnlineBackup, OnlineSecurity, PaperlessBilling, Partner, PaymentMethod, SeniorCitizen,
StreamingMovies, StreamingTV, TechSupport. No encoding carried out for categorical features.

Encode Label The label was LabelEncoded for the detected classes : No, Yes.

model_type : catboost_classifier. Hyper-parameter search space : {'max_depth': 'range(3, 16)’,
'n_estimators': 'range(10, 100)', 'eta': [0.01, 0.05, 0.5]}. Optimal Model parameters : {'max_depth': 3,
'n_estimators': 96, 'eta': 0.05, 'silent': False, 'od_type': 'Iter!, 'od_wait": 19, 'boosting_type': 'Plain’,
'bootstrap_type': 'Bernoulli’, 'subsample': 0.66, 'max_ctr_complexity': 2, 'random_state': 42, 'objective':
'Logloss!, 'loss_function': 'Logloss'}. Model scoring metrics :['accuracy’, 'auc']. Model_scores : AUC : 0.76,
Accuracy : 77%.

Train Model

Figure 4.6: Pipeline report generated by DataChat’s AutoML framework
provides transparency into the model training process

The pipeline report is an explanation of DataChat’s AutoML model
generation process. It provides insights into the various steps taken by the
AutoML framework to arrive at the end model. Expert users can peruse
the pipeline reports and provide feedback to the AutoML framework by
adjusting the model search space via the parameters in DataChat’s AutoML
CNL. Thus, pipeline report explanations and DataChat’s AutoML CNL
specification provide a mechanism to incorporate human expertise and
feedback back to the ML process.
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4.4 Experiments

We conducted a user study to test our hypothesis that DataChat’s CNL
coupled with DataChat’s ML infrastructure significantly improves the
productivity of its non-expert users, with only a small learning curve. In
this study, we asked users to complete a Kaggle task using both DataChat
and Python packages and measured various metrics of productivity.

Participants We recruited graduate students from the Computer Sci-
ences Department at the University of Wisconsin-Madison and data ana-
lysts from the industry for this experiment. All participants in this group
had exposure to machine learning and data science through their course-
work or their employment.

Task and data description The task that we chose for this study was
one of predicting customer churn for a telecommunications firm. The
objective of the task was to develop a model to classify which customers
are most likely to refrain from renewing their contract when it ends. Par-
ticipants had to attempt six Exploratory Data Analysis (EDA) questions
before they trained models to predict customer churn. We laid out the
EDA questions in increasing order of difficulty. We obtained a dataset con-
sisting of historical details and account usage information for customers
of the telecommunications firm, along with labels that indicate whether
or not they renewed their contract. These labels, however, were skewed in
that only 1869 of the 7043 customers had terminated their contract. We
sampled a subset consisting of 4921 customer records and provided the
sample as training data to the participants. The remaining 2122 customer
records were used as a test set to evaluate the models developed by the
participants.

All participants used a Linux machine with 4 CPUs and 16GB of mem-
ory. Each participant performed this task once using Ava and once using
the Python packages (pandas and scikit-learn). We limited the duration
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of the task to 60 minutes for the DataChat task. For the Python task, partic-
ipants were allowed to take as much time as needed to complete the task.
Participants were instructed to explore as many models (combination of
learning algorithm, features, and hyper-parameter choices) as they could
within this duration of the study. They were free to use any documentation,
tutorials, or code samples from the Internet to help them complete the
task. Participants were also provided with a DataChat reference manual.

More details about the dataset and the exact task description are available
at [59].

4.4.1 Results

In this section, we discuss the results of our user study.

4.4.2 Productivity Improvement

We used the Task Success metric from Google’s HEART framework [60]
to measure productivity improvement. Specifically, we measure:

e the time taken to train the first model,

e the number of models trained during the study,
o the time taken to answer the EDA questions, and
e the number of EDA questions attempted.

Note that all time measurements include the actual processing time
for the analytics steps (within the underlying ML and the visualization
libraries), in addition to the time spent by participants in manually pro-
ceeding through the steps in the analysis task. First, we consider the time
taken by the participants to train their first working ML model. The dis-
tribution of the results using this metric is shown as violin plots in the
Figure 4.7.
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Figure 4.7: Distribution of time taken by participants to complete the first
ML model using DataChat and Python.

Twelve out of the fifteen participants were able to complete their first
model using Python. The average time taken to train the first model was 21
minutes. On the other hand, all 15 participants completed their first model
using DataChat within 2 minutes. Thus, we observed an improvement of
more than 10x on this productivity metric.

Further, the average time taken by the users to train the first model (on

a smaller dataset) using the Ava prototype was 7 minutes. Thus, there is a
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3x improvement in the time taken to train the first model in DataChat over
Ava. We attribute this gain in time largely to the conciseness of DataChat’s
CNL and the auto-suggest functionality that makes it easier for the user
to compose DataChat’s CNL, which reduces the overall time spent by the
user in DataChat’s conversational loop (Figure 2.3)

NumberOfModels vs. Platform

10

NumberOfModels
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Platform

Figure 4.8: Distribution of the number of models trained by participants
using DataChat and Python.

We also consider the number of models that the participants could train
during the study for each approach (Figure 4.8). Only eight participants
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were able to train more than one model using Python packages. On the
other hand, every participant was able to explore at least three models
using DataChat, and on average, each participant explored six models.
Thus, DataChat showed a significant improvement on the number of

models trained metric.
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Figure 4.9: Distribution of the number EDA questions attempted using
DataChat and Python.

Exploratory Data Analysis For this analysis, we consider that a user

successfully attempted a question only if they either had typed an utter-
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ance in DataChat or had written Python code to solve the question. All
participants were able to attempt all six EDA questions using DataChat,
whereas only 11 users were able to attempt all six exploratory questions

using Python (Figure 4.9).
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Figure 4.10: Distribution of the time taken to answer EDA questions using
DataChat and Python.

Figure 4.10 compares the distribution of the time taken by the partici-
pants to complete the EDA task using DataChat and Python. Participants
averaged 30 minutes to complete the EDA questions using Python. On
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the other hand, all 15 participants were able to attempt all six questions in

DataChat. They took an average time of 23 minutes to complete the EDA
task.
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Figure 4.11: Comparison of CNL errors made by users during the initial

and later stages of the user study. Users first solved the EDA task followed
by the modeling task.

During the EDA section of the study, we observed that users often
referenced DataChat’s documentation and the built-in manual to identify
the correct CNL utterance for the EDA tasks. We also observed that users
typed in utterances that DataChat did not understand as they were not

familiar with the auto-suggest mechanism. We believe that these two
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factors contributed to participants taking additional time to complete the
EDA task.

As the study progressed, participants made fewer errors with Dat-
aChat’s CNL as they became comfortable with the auto-suggest mech-
anism. This reduction in errors as users progressed through the study
indicates that users will become more productive with DataChat as they
acclimatize themselves to the platform.

Training Participants of the study were given a choice of viewing a 15
minute training video or participating in a 10 minute training exercise to
familiarize themselves with DataChat. The training focussed on the usage
of the auto-suggest mechanism to compose utterances in DataChat’s CNL
and the UI menus which would be helpful to the participants for the study.

Learning Curve Of the 15 participants in the study, eight were ran-
domly chosen to perform the task using Python packages before doing
so with DataChat (we denote this group using the label Group-PD). The
remaining seven were asked to perform the task using DataChat before
doing so with Python (denoted as Group-DP). Comparing the productiv-
ity differences between these groups using the two approaches allows us
to reason about the learning curve.

Figure 4.12 shows the distribution of the time taken to train the first
model across different task groups. When performing the task using
Python packages, the eight participants in Group-PD (who used Python
before DataChat) took, on average, 20 minutes to train their first model. On
the other hand the 7 participants in Group-DP (who used DataChat before
Python) took 3 minutes to train their first model. Participants in Group-PD
showed a negligibly small 1 minute improvement (2 minutes) to train
the first model using DataChat. Further, we saw only a negligibly small
difference in the average number of models trained by the participants

using DataChat in the two groups.
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Figure 4.12: Distribution of the time taken by the task groups to train the
first model.

We consider these observations as indicating that users, with minimal
training can be nearly equally productive with DataChat regardless of
their prior experience in or familiarity with the data science process.

We observed that the average number of EDA questions correctly solved
by the participants using DataChat (5) was greater than the average num-
ber of correct solutions using Python (4). Upon examining DataChat’s
logs, we found that 59% of the errors (Figure 4.13) were because the users
submitted an incorrect CNL utterance to DataChat leading to an incorrect

result. We believe that such errors can be avoided by providing more
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training to the users.

Errors labeled by ErrorType

ErrorType

B Incorrect Statement
B Incorrect Dataset
] Other Errors

Figure 4.13: Breakdown of the errors made by participants in the EDA
task.

We also found that 12% of errors were caused because the user chose the
incorrect dataset for their task. Some of the exploratory analysis questions
required the user to switch from the currently computed result to the
original dataset to get the correct answer. Participants could easily do
so in Python as they could store the original dataset in a variable and
reference that variable whenever needed. In DataChat, the equivalent to a
Python variable is a named dataset. Users can assign a name to the result
of a computation in DataChat. DataChat also auto-generates names for

datasets that are created as a result of a skill execution. Users can then use
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these names to switch to the appropriate dataset for the current task at
hand.

Unlike Python, where merely referencing a variable in code would
implicitly use the data associated with the variable, in DataChat, the
user has to explicitly signal their intention to use a particular dataset for
computation before running the actual computation itself. Understanding
this notion of explicit dataset referencing is crucial for the users to work
in DataChat. We made sure to emphasize the notion of explicit dataset
referencing in DataChat in the training video and tutorials. Despite that,
we found that a few participants used the incorrect dataset for some of
their EDA tasks.

These and other observations indicate that, despite training, users
can still make mistakes that impair the accuracy and usability of the DS
pipelines that they create. A DS workflow tool such as DataChat must be
built with sanity checks and feedback mechanisms to guide users away
from such mistakes, and such efforts are part of the DataChat platform.
Users are prompted when they likely need to a new dataset and a one-click

option is created to allow them to make this switch easily.

4.4.3 Qualitative Feedback

We were also able to obtain qualitative feedback from some of the par-
ticipants of the study. Every participant who provided feedback had a
positive outlook towards DataChat. They strongly felt that DataChat could
help them complete data analysis tasks in a much cleaner, faster, and in a
reproducible way compared to Python. Participants liked that they could
perform complex data manipulations and visualizations with ease in Dat-
aChat. Participants also felt that they were able to obtain better quality
models quickly due to DataChat’s built-in hyperparameter optimization
and pipeline functionality. On the flip side, participants felt that they
needed more training to become comfortable with the auto-suggest mech-
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anism and the explicit dataset referencing. They also felt that as the data
science workflow became complex, it was hard for them to keep track of
any intermediate results they created as a part of the workflow. Further,
one participant noted that it was not possible for expert users to take con-
trol over the modeling process in terms of specifying parameter grids and
manually iterating over different classes of models. We’d like to note that,
in DataChat, advanced users can seamlessly switch to a Jupyter notebook
to drive the analysis. All intermediate data products created by the user
in DataChat are accessible from the Jupyter environment. This aspect is
crucial as it allows advanced users to take control of the analytics process,
minimizing frustration when the task at hand cannot be completed using
DataChat. This functionality was not available to the users of this study.
Snippets from the qualitative feedback provided by users is shown
in Table 4.1. We’d like to thank the participants of the study for their
valuable feedback and we hope to incorporate some of the feedback in

future versions of DataChat.

4.4.4 Other Observations

Since we held out a subset of the labeled data from the participants in
the study, we were able to compare the fl-scores of their models on this
(unseen) test set. Participants were able to achieve higher f1-scores on the
test set using models built with DataChat compared to Python. Figure 4.14
shows the distribution of the fl-scores on the test data for models trained
using Python and DataChat.
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Figure 4.14: Distribution of f1-scores on the test dataset.

Figure 4.15 compares the fl-scores of the top models produced for
using Python and DataChat. Four of the top scoring models produced
by the participants were trained end-to-end using DataChat’s AutoML
framework. 11 out of 15 high scoring models built in DataChat used the
hyperparameter optimization functionality in the AutoML framework.

Participants were able to consistently train high-quality models in
DataChat, with the f1-scores for the models ranging from 0.7 to 0.8, with
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Figure 4.15: Comparison of f1-scores of the best model for each user trained
using DataChat and Python

a standard deviation of 0.03. Though some users were able to train high
quality models using Python (f1-score of 0.79), participants also produced
low quality models (fl-score of 0.25). The standard deviation of the f1-

scores was 0.18.
Built-in sanity checks We observed that DataChat’s built-in checks
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and feedback mechanisms (encoded in DataChat’s ML knowledge base)
helped users train better models. Two of the participants were notified by
DataChat when they attempted to train a model with the label column
as one of the features. Additionally, DataChat’s AutoML framework au-
tomatically discarded the less informative user id feature during model
training.

Class imbalance handling The dataset used for the study was skewed
with respect to the predictor variable, with 70% of the points belonging to
one class. However, models were able to obtain high f1-scores without class
imbalance handling. The top scoring model (f1-score of 0.8) was trained
using DataChat. The pipeline for this model involved hyperparameter
optimization, but did not involve handling skew in the predictor variable.
Of the models produced in DataChat, 3 models were trained with class
imbalance handling. These models achieved a f1-score of 0.76. None of the
models trained in Python used class imbalance handling in their training
pipeline. Although class imbalance handling wasn’t necessary for this task,
one could imagine a scenario where handling skewed class labels becomes
critical to training high quality models. In such a scenario, DataChat’s
AutoML engine can achieve high quality models by incorporating skew
handling as a part of its ML pipeline graph.

4,5 Conclusion

This chapter presents DataChat’s ML Pipeline infrastructure that enables
users to build scalable, reusable, framework-agnostic model training pipelines.
We also describe DataChat’s AutoML framework that leverages the ML
pipeline infrastructure to simplify the model training process. We show
that our AutoML framework can incorporate transparency and user feed-
back into the modeling process by generating model, pipeline, and data

explanations.
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Our user study results show that non-experts could train high-quality
models in DataChat by using DataChat’s CNL utterances, to compose ML
pipelines. We also found that users were able to become productive in Dat-
aChat with a minimal amount of training. Feedback from the user study
has inspired interesting future directions regarding improving DataChat’s

user interaction model and machine learning modeling processes.
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5

Conclusion and Future Work

Enterprises increasingly employ a wide array of tools and processes to
make data-driven decisions. However, there are significant inefficiencies
in the enterprise-wide workflow that stem from the fact that business
workflows are expressed in Natural Language (NL) but the actual com-
putational workflow has to be manually translated into computational
programs.

In this thesis, we present an initial approach to bridge this gap by tar-
geting the DS component of enterprise workflows. In this initial approach,
we allow a data scientist to assemble data analytics pipelines using NL
via a conversational agent. Our approach uses a restricted subset of NL
known as Controlled Natural Language (CNL) to get around the ambigu-
ity in NL. Further, we recognize that DS workflow components are often
templatized. Putting these two insights together, we develop a practical
system called Ava that uses an unambiguous version of NL known as CNL
to program DS workflows.

In contrast to some of the other NL specification-to-task translation
approaches such as NL-to-SQL and NL-to-viz, we seek to map NL task
specifications for a broader set of data science tasks such as data querying,
data cleaning, data visualization, and model training to actual computa-

tional programs in Python, R, SQL, and Javascript. This broader set of
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possible task specifications requires the system to be able to unambigu-
ously identity the task domain, e.g., data querying, in-order to generate
the correct code translation for the task. Initial experiments using ML
models for identifying the task domain from uncontrolled NL yielded
poor results. The ML models were error-prone (due to the ambiguity
inherent in NL), produced probabilistic responses and were sensitive to
distributional shifts in the training data. Our CNL approach allows trans-
lation from NL task specifications to domain-specific task representations
(computational programs) in a deterministic manner without relying on
ML models.

The language surface of our initial prototype Ava was very limited and
its CNL was very inflexible. We improve upon Ava’s CNL to be more flex-
ible and robust to errors while retaining its simplicity. We formalize Ava’s
CNL via a pattern language that uses the concept of entities and intent
as its building blocks. We also propose a scalable and resource-efficient
end-to-end architecture for a NL conversation based system, which is
implemented in a commercially deployed system called DataChat.

Finally, we introduce the notion of an ML Pipeline, which is a DAG-
based abstract representation of the various stages involved in the ML
model training workflow and the flow of information between those stages.
The ML pipeline framework lays the foundation for building scalable,
shareable, reusable, and framework-agnostic ML model training work-
flows. We explore the use of the ML pipeline infrastructure to develop
DataChat’s AutoML framework.

Our user study results show that non-experts could train high-quality
models in DataChat by DataChat’s CNL utterances to compose ML pipelines.
We also found that users could become productive in DataChat, with a

minimal amount of training.
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5.1 Future Work

Our learnings from the initial Ava prototype and the feedback from early
users of DataChat have opened up interesting future research and system

design avenues. We discuss some of these directions for future work below.

5.1.1 Model Management

Model training in an iterative process. A data scientist will explore many
models before arriving at a model suitable for the task at hand. When
selecting or eliminating models, the data scientist generates valuable infor-
mation that informs their future model selection thought process. Such
information, when captured in a structured way, can be shared and reused
across the organization. This captured knowledge could inform the model
selection of other data scientists within the same organization. In an indus-
try setting, where models are retrained periodically as new data comes in,
it is crucial to version models and pipelines, and to keep track of metadata
such as library versions to enable the data scientists to easily manage the
models that they build over time [32, 33]. DataChat’s ML pipeline infras-
tructure is the first step towards versioned, managed models in DataChat.
In addition to versioning and the querying of model metadata, the model
management system should also provide tools to detect issues such as
model drift.

5.1.2 Developing tools for collaborative analytics

Data science is a collaborative activity involving various stakeholders
within an organization. The data analysis process that generates the most
valuable insight involves active communication and collaboration between
the data scientist and the different stakeholders and domain experts within
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an organization. Without the input of the stakeholders and domain experts,
the data scientist lacks sufficient business context to solve the task at hand.

Existing data science tools and platforms allow for the results of the
data science process (charts, data files, and models) to be shared with the
stakeholders but do not allow for active collaboration between the stake-
holders during the end-to-end insights generation process. A data science
tool that supports collaboration should allow synchronous collaborative
human-to-machine communication and human-to-human asynchronous
communication based on facts and the data products that are generated
during the data analysis process.

5.1.3 Multi-Modal User Interface for Task Specification

As we continue to enhance DataChat’s Machine Learning (ML) capabili-
ties, composing a detailed ML task specification using DataChat’s CNL
may increase the cognitive overload for users and result in decreased pro-
ductivity due to the increased complexity of DataChat’s CNL. Table 5.1
scores the readability of various utterances in DatChat’s CNL when invok-
ing DataChat’s AutoML functionality.

As the number of configuration options increases, the Flesch readabil-
ity score [61] decreases. One could easily envision a scenario where a user
specifies tens of parameters to DataChat’s AutoML for advanced model
exploration. Such complex utterances are difficult to compose and inter-
pret. This observation calls for a hybrid UI-CNL based approach wherein
the users signify the initial intent to DataChat via DataChat’s CNL utter-
ances e.g., Train model. This initial partial intent specification can then be
used to trigger a Ul to specify values for the entities in DataChat’s CNL
specification. This approach would involve storing and tracking dialog
states and dynamically generating the UI from the current conversation

context.
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with feature-pruning, model-optimization, temporal-
slicing without autobinning, oversampling

AutoML CNL Flesch
Reading
Ease

Analyze Churn 35

Analyze Churn excluding Id 33

Analyze Churn excluding Id weighting with current 30

Analyze Churn excluding Id weighting with weights | 45

with feature-pruning

hline Analyze Churn excluding Id weighting with | 10

weights with feature-pruning, model-optimization

Analyze Churn excluding Id weighting with weights | -15

with feature-pruning, model-optimization, temporal-

slicing

Analyze Churn excluding Id weighting with weights | -17

with feature-pruning, model-optimization, temporal-

slicing without autobinning

Analyze Churn excluding Id weighting with weights | -27

Table 5.1: Flesch reading ease scores for DataChat’s AutoML CNL

5.1.4 Uncontrolled NL to SQL (NL2SQL)

Advances in Natural Language Processing (NLP) such as BERT [62] have

achieved impressive results in NL to SQL translation tasks. However,

these seq2seq (sequence to sequence) [63] models do not achieve high

accuracy as they struggle to generalize unseen query structures. Herzig et

al. propose to improve the generalizability of seq2seq models by training

the model to map from natural language to an intermediate representation

that has stronger correspondence with NL, instead of directly translating

from NL to SQL [64]. This approach has improved upon the state-of-the-

art results on three text-to-SQL tasks. An interesting future direction in this

regard would be to examine the use of DataChat’s CNL as an intermediate

representation for the seq2seq models in generating SQL from NL.
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