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ABSTRACT

Data-driven experimental analysis has become the main evaluation tool of Natural Language
Processing (NLP) algorithms. In fact, in the last decade, it has become rare to see an NLP pa-
per, particularly one that proposes a new algorithm, that does not include extensive experimental
analysis, and the number of involved tasks, datasets, domains, and languages is constantly grow-
ing. This emphasis on empirical results highlights the role of statistical significance testing in
NLP research: If we, as a community, rely on empirical evaluation to validate our hypotheses
and reveal the correct language processing mechanisms, we better be sure that our results are not
coincidental.

The goal of this book is to discuss the main aspects of statistical significance testing in
NLP. Our guiding assumption throughout the book is that the basic question NLP researchers
and engineers deal with is whether or not one algorithm can be considered better than another
one. This question drives the field forward as it allows the constant progress of developing better
technology for language processing challenges. In practice, researchers and engineers would like
to draw the right conclusion from a limited set of experiments, and this conclusion should hold
for other experiments with datasets they do not have at their disposal or that they cannot perform
due to limited time and resources. The book hence discusses the opportunities and challenges in
using statistical significance testing in NLP, from the point of view of experimental comparison
between two algorithms. We cover topics such as choosing an appropriate significance test for
the major NLP tasks, dealing with the unique aspects of significance testing for non-convex deep
neural networks, accounting for a large number of comparisons between two NLP algorithms
in a statistically valid manner (multiple hypothesis testing), and, finally, the unique challenges
yielded by the nature of the data and practices of the field.

KEYWORDS

Natural Language Processing, statistics, statistical significance, hypothesis testing,
algorithm comparison, deep neural network models, replicability analysis



Contents

Preface . ... ... .. . xiii
Acknowledgments ....... ... .. xvii
Introduction ........ ... ... . ... 1
Statistical Hypothesis Testing . . .......... ... ... ... ... .. ... 3
2.1 Hypothesis Testing. .. ... ... i e 3
2.2 P-Valueinthe Worldof NLP ...... ... ... .. . . i .. 6
Statistical Significance Tests .. .......... .. ... .. ... . oL 9
3.1 Preliminaries. .. ... ..o oo 9
3.2 Parametric Tests ... ... 12
3.3 Nonparametric Tests ....... ... ... 16
Statistical SignificanceinNLP ... ... ... ... ... ..o o i 23
41  NLP Tasks and Evaluation Measures ............ ... ... .. 23
4.2 Decision Tree for Significance Test Selection . ......................... 28
43  Matching Between Evaluation Measures and Statistical Significance Tests .. 29
4.4  Significance with Large Test Samples . . ......... ... .. 32
Deep Significance . . ........ ... .. 35
5.1  Performance Variance in Deep Neural Network Models ................. 36
5.2 A Deep Neural Network Comparison Framework . .................. ... 37
5.3  Existing Methods for Deep Neural Network Comparison................ 38
5.4 Almost Stochastic Dominance ........... ... ... 41
5.5  Empirical Analysis ... ... 45
5.6 Error Rate Analysis ........... oo 48

5.7  SUMMAIY .. ... 50




Replicability Analysis . .. ........... ... ... . . 51
6.1  The Multiplicity Problem . ...... ... ... ... o i il 51
6.2 A Multiple Hypothesis Testing Framework for Algorithm Comparison. . . .. 55
6.3  Replicability Analysis with Partial Conjunction Testing ................. 58
6.4  Replicability Analysis: Counting . ...........cooviiiiiiiia .. 60
6.5  Replicability Analysis: Identification................. ... ... ... ..., 61
6.6 Synthetic Experiments .. ...... ... ... .. i i 63
6.7  Real-World Data Applications .............ccoeeiiiiiiiiiieaannn... 64

6.7.1 Applicationsand Data ............. ... ... ... ... 65

6.7.2  Statistical Significance Testing . .. ..., 66

6.73 Results..... ... 67

6.7.4  Results Summary and Overview ............................. 72
Open Questionsand Challenges ................... ... ... .. ....... 75
Conclusions ........ ... ... ... . . 79
Bibliography . ........ ... 81

Authors’ Biographies ......... ... ... . 97



Preface

The field of Natural Language Processing (NLP) has made substantial progress in the last two
decades. This progress stems from multiple sources: the data revolution that has made abundant
amounts of textual data from a variety of languages and linguistic domains available, the devel-
opment of increasingly effective predictive statistical models, and the availability of hardware
that can apply these models to large datasets. This dramatic improvement in the capabilities of
NLP algorithms carries the potential for a great impact.

The extended reach of NLP algorithms has also resulted in NLP papers giving more and
more emphasis to the experiment and result sections by showing comparisons between multiple
algorithms on various datasets from different languages and domains. It can be safely argued
that the ultimate test for the quality of an NLP algorithm is its performance on well-accepted
datasets, sometimes referred to as “leader-boards”. This emphasis on empirical results highlights
the role of statistical significance testing in NLP research: If we rely on empirical evaluation to
validate our hypotheses and reveal the correct language processing mechanisms, we better be
sure that our results are not coincidental.

'The goal of this book is to discuss the main aspects of statistical significance testing in NLP.
Particularly, we aim to briefly summarize the main concepts so that they are readily available to
the interested researcher, address the key challenges of hypothesis testing in the context of NLP
tasks and data, and discuss open issues and the main directions for future work.

We start with two introductory chapters that present the basic concepts of statistical sig-
nificance testing: Chapter 2 provides a brief presentation of the hypothesis testing framework,
and Chapter 3 introduces common statistical significance tests. Then, Chapter 4 discusses the
application of statistical significance testing to NLP. In Chapter 4, we assume that two algo-
rithms are compared on a single dataset, based on a single output that each of them produces,
and discuss the relevant significance tests for various NLP tasks and evaluation measures. The
chapter puts an emphasis on the aspects in which NLP tasks and data differ from common
examples in the statistical literature, e.g., the non—Gaussian distribution of the data and the de-
pendence between the participating examples, e.g., sentences in the same corpus. This chapter,
which extends our ACL 2018 paper [Dror et al, 2018], provides our recommended matching
between NLP tasks with their evaluation measures and statistical significance tests.

'The next two chapters relax two of the basic assumptions of Chapter 4: (a) that each of the
compared algorithms produces a single output for each test example (e.g., a single parse tree for
a given input sentence), and (b) that the comparison between the two algorithms is performed
on a single dataset. Particularly, Chapter 5 addresses the comparison between two algorithms
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based on multiple solutions where each of them produces for a single dataset, while Chapter 6
addresses the comparison between two algorithms across several datasets.

The first challenge stems from the recent emergence of Deep Neural Networks (DNNs),
which has made data-driven performance comparison much more complicated. This is because
these models are non-deterministic due to their non-convex objective functions, complex hyper-
parameter tuning process and training heuristics such as random dropouts, that are often applied
in their implementation. Chapter 5, therefore, defines a framework for a statistically valid com-
parison between two DNNs based on multiple solutions each of them produces for a given
dataset. The chapter summarizes previous attempts in the NLP literature to perform this com-
parison task and evaluates them in light of the proposed framework. Then, it presents a new
comparison method that is better fitted to the pre-defined framework. This chapter is based on
our ACL 2019 paper [Dror et al., 2019].

'The second challenge is crucial for the efforts to extend the reach of NLP technology to
multiple domains and languages. These well-justified efforts result in a large number of com-
parisons between algorithms, across corpora from a large number of languages and domains.
'The goal of this chapter is to provide the NLP community with a statistical analysis framework,
termed Replicability Analysis, which will allow us to draw statistically sound conclusions in
evaluation setups that involve multiple comparisons. The classical goal of replicability analysis
is to examine the consistency of findings across studies in order to address the basic dogma of
science, namely that a finding is more convincingly true if it is replicated in at least one more
study [Heller et al., 2014, Patil et al., 2016]. We adapt this goal to NLP, where we wish to as-
certain the superiority of one algorithm over another across multiple datasets, which may come
from different languages, domains, and genres. This chapter is based on our TACL paper [Dror
et al., 2017].

Finally, while this book aims to provide a basic framework for proper statistical significance
testing in NLP research, it is by no means the final word on this topic. Indeed, Chapter 7 presents
a list of open questions that are still to be addressed in future research. We hope that this book
will contribute to the evaluation practices in our community and eventually to the development
of more effective NLP technology.

INTENDED READERSHIP

'The book is intended for researchers and practitioners in NLP who would like to analyze their
experimental results in a statistically sound manner. Hence, we assume technical background in
computer science and related areas such as statistics and probability, mostly at the undergraduate
level. Moreover, while in Chapter 4 we discuss various NLP tasks and their proposed significance
tests, our discussion of these tasks is quite shallow. Furthermore, when we analyze experimental
results with NLP tasks in Chapters 5 and 6 we do not provide the details of the tasks because
we assume the reader is familiar with the basic tasks of NLP. Despite these assumptions about
the reader’s background, we are trying as much as possible to be self-contained when it comes
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to statistical hypothesis testing and the derived concepts and methodology, as presenting these
ideas to the NLP audience is a core objective of this book.

Further Reading For broader and more in-depth reading on the fundamental concepts
of statistics, we refer the reader to other existing resources such as Montgomery and Runger
[2007] (which provides an engineering perspective) and Johnson and Bhattacharyya [2019].
For further reading on the topic of multiple comparisons in statistics, we recommend the
book by Bretz et al. [2016] which demonstrates the basic concepts and provides examples
with R code.

'This book evolved from a series of conference and journal papers—Dror et al. [2017],
Dror et al [2018], Dror et al. [2019]—which have been greatly expanded in order to form this
book. First, we added background chapters that discuss the foundations of statistical hypothesis
testing and provide the details of the statistical significance tests that we find most relevant for
NLP. Then, we take the handbook approach and provide the pseudocode of the various methods
discussed throughout the book, along with concrete recommendations and guidelines—our goal
is to allow the practitioner to directly and easily implement the methods described in this book.
Finally, in Chapter 7, we critically discuss the ideas presented in this book and point to challenges
that are yet to be addressed in order to perform statistically sound analysis of NLP experimental
results.

FOCUS OF THIS BOOK

'This book is intended to be self-contained, presenting the framework of statistical hypothesis
testing and its derived concepts and methodology in the context of NLP research. However, the
main focus of the book is on this statistical framework and its application to the analysis of NLP
experimental results, rather than on providing in-depth coverage of the NLP field.

Most of the book takes the handbook approach and aims to provide concrete solutions to
practical problems. As such, it does not provide in-depth technical coverage of statistical hypoth-
esis testing to a level that will allow the reader to propose alternative solutions to those proposed
here, or to solve some of the open challenges we point to. Yet, our hope is that highlighting the
challenges of statistically sound evaluation of NLP experiments, both those that already have
decent solutions and those that are still open, will attract the attention of the community to
these issues and facilitate future development of additional methods and techniques.

Rotem Dror, Lotem Peled-Cohen, Segev Shlomov, and Roi Reichart
April 2020
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