Formalizing the
Use and Characteristics of Constraints

in Pipeline Systems

Kristy Hollingshead
B.A., University of Colorado, 2000
M.S., Oregon Health & Science University, 2004

Presented to the Center for Spoken Language Understanding within
the Department of Science & Engineering
and the Oregon Health & Science University
School of Medicine
in partial fulfillment of
the requirements for the degree of
Doctor of Philosophy
in

Computer Science & Engineering

August 2010



(© Copyright 2010, Kristy Hollingshead



Department of Science & Engineering
School of Medicine
Oregon Health & Science University

CERTIFICATE OF APPROVAL

This is to certify that the Ph.D. dissertation of
Kristy Hollingshead

has been approved.

Brian Roark, Thesis Advisor
Associate Professor

Peter Heeman
Associate Research Professor

Deniz Erdogmus
Assistant Professor

Mark Johnson
Professor
Macquarie University

iii



Dedication

To my mom, who has been my cheerleader, sounding board, counselor, and

ray of sunshine. She is the reason that this document is before you.

v



Acknowledgments

First and foremost, I would like to thank my advisor, Dr. Brian Roark, for sharing his
expertise and insights with me, and for providing opportunities to pursue my own inter-
ests. Thanks are also due to my other committee members, Drs. Peter Heeman, Deniz
Erdogmus, and Mark Johnson, for their support of and interest in this work.

I had the great fortune of participating in the JHU CLSP Summer School in 2004 and
Summer Workshop in 2008. The long-lasting connections formed there, most notably with
Drs. Sanjeev Khudanpur, Chris Callison-Burch, Jason Eisner, and Martin Jansche, have
truly shaped me as a researcher. I highly recommend the experience to anyone in the field
of natural language processing.

I would also like to thank my colleagues, including Nate Bodenstab, Yongshun Chen,
Rachel Coulston, Aaron Dunlop, Seeger Fisher, Josh Flanders, Rebecca Lunsford, Meg
Mitchell, Dr. Christian Monson, Emily Tucker Prud’hommeaux, Helen Ross, and Dr. Fan
Yang, for making CSLU such a collaborative place full of friendly faces. The departmental
staff of CSLU, particularly Pat Dickerson, Kim Basney, and Sean Farrell, deserve special
recognition for all their hard work to make our lives easier.

Many special thanks to the DAGGers: Akiko Amano, Qi Miao, and Dr. Taniya Mishra,
for mutual support and accountability while we were each working on our dissertations. I
am so thankful to have shared this experience with such lovely ladies.

Finally, I would like to acknowledge my families: my dad for sharing his love of language
with me, and for two years of ungodly-early phone calls to encourage me to go and write;
my mom for listening and understanding; my sister for believing in me and giving me a
shoulder to cry on; and my fiancé Tristan for his constant support and encouragement
during the time I devoted to writing up this dissertation. I would not have made it without

their love and support, and they each have my everlasting thanks.



Contents

Dedication . . . . . . . . .. iv
Acknowledgments . . . . . ... v
Abstract . . . . . . L XV
I Introduction and Formal Theory 1
1 Introduction . . . . . .. . . .. 2
1.1 Pipelinesin NLP . . . . . . . . . .. . . .. . 4
1.1.1  Solution Space for NLP Tasks . . . . . .. ... ... ... ...... 4

1.1.2  Sequences of Tasks in NLP . . . . .. .. ... .. ... ... .... 8

1.1.3 Filter-and-Refine in NLP . . . . . ... ... ... ... ... . 8

1.2 Problem Statement . . . . . . ... Lo Lo 10
1.3 Research Objectives . . . . . . . . . . . . 11
1.4 Thesis Contributions . . . . . . . . . ... ... .. .. ... 13
1.5 Thesis Organization . . . . . . .. ... .. . 13

2 A Pipeline Framework . . . . . . .. ... .o 15
2.1 Formal Definitions . . . . . . .. .. o o 15
2.1.1 Motivation . . . . . . .. 16

2.2 Constraint Representations . . . . . . . . . .. ... ... ... 17
2.2.1 Partial Solutions . . . . . . .. . ... ... 18

2.2.2 Complete Solutions . . . . . . ... ... 19

2.2.3 Hard vs Soft Constraints . . . . . . .. ... ... ... ....... 22

2.3 Message-Passing . . . . . .. .. e 22
2.3.1 Feed-forward . . ... ... ... . ... 23

2.3.2 Feedback . . . .. ... 24

2.3.3 Tteration . . . . . . . ... 25

2.3.4 Message SOoUrce . . . . . o i e e 26

vi



2.4 Stage-Internal Attributes . . . . . . .. ... L 28

2.4.1 Search Method . . . ... .. ... ... ... ... .. ... ... 29
2.4.2 Search Objective . . . . . . . . . . .. 31
2.4.3 Thresholds and Beams . . . . . . . .. .. ... ... .. 32
244 Complexity . . . . . . . e 32
2.5 Evaluation . . . . . . . ... 33
2.5.1 Intrinsic vs Extrinsic Evaluations . . . . . . .. ... ... ... 33
2.5.2 Error Types . . . . . . . . o 34
2.6 Summary . . ... L 36
Background and Preliminaries . . . . . ... ... ... ... ......... 38
3.1 Model Notation . . . . . . .. .. . 39
3.1.1 Finite-State Machines . . . . . . . . . ... ... ... ... ..., 39
3.1.2 Context-Free Languages . . . . . . . . . . ... ... ..., 42
3.1.3 Hidden Markov Models (HMMs) . . .. ... ... ... ....... 44
3.1.4 Conditional Markov Models . . . . . . ... ... ... ... ..... 45
3.1.5 Log-Linear Models . . . . . ... .. ... ... ... ... ... 46
3.2 Algorithmic Notation . . . . . . . . . . ... .. ... ... ... ... 49
3.2.1 Forward Algorithm . . . . . . ... ... ... ... ... ... 49
3.2.2  Viterbi Algorithm . . . ... ... ... . 51
3.2.3 Forward-Backward Algorithm . . . . . ... ... ... ... ... .. 52
3.2.4 CYK Parsing Algorithm . . . . . . .. ... ... ... ........ 54
3.2.5 Earley parsing . . . . . . ... 57
3.2.6 Inside-Outside Algorithm . . . . .. ... .. .. ... ... ..... 58
3.2.7 Beam Search . . . .. ... ... ... ... 59
3.2.8  Minimum Bayes Risk Decoding . . . . . . .. ... ... ... ... 60
3.2.9 k-Nearest Neighbors . . . . . . ... ... ... ... ... 60
3.3 Overview of Application Areas . . . . . . . . . . ... ... ... ...... 60
3.3.1 Tagging . . . . . . .. 61
3.3.2 Parsing . . . . ... 63
3.3.3 Automatic Speech Recognition . . . . ... ... ... ... ... .. 66
3.3.4 Machine Translation . . . . . . . ... ... ... ... ... ... 69
3.3.5 Image Classification . . . . . . ... ... ... ... ... ... 72
3.4 Pipeline Terminology . . . . . . . . . . . . 74
3.5 Partial-Solution Constrained Pipelines . . . . . . . ... ... ... ..... 75
3.5.1 Model Refinement . . . ... ... ... ... ... ... .. ..., 7
3.5.2  Soft Constraints . . . . . . . . . ... 78

vii



11

3.6 Complete-Solution Constrained Pipelines . . . . ... ... ... ... ... 79

3.6.1 Ranking . . . . .. .. 79
3.6.2 Reranking . . . . . .. .. 80
3.6.3 Voting . . . . . . .. 80
3.6.4 Filtering . . . . . . . .. 82

3.7 Multi-Source Pipelines . . . . . . .. ... 82
3.7.1 Homogenous SOUrCes . . . . . . . . . . vttt i 82
3.7.2 Heterogeneous SOUTCES . . . . . . . . v oo e 83

3.8 Pipelines with Feedback and Iteration . . . ... .. ... ... ....... 84
3.8.1 Feedback Pipelines . . . . . . . . .. ... 84
3.8.2 Tterative Pipelines . . . . . .. . .. .. o o 85

3.9 Interaction between Pipeline Classes . . . . . . . . ... ... ... ..... 86
3.10 Implemented Pipelines . . . . . . . . . . .. .. ... . 86
3.10.1 CSLUt Finite-State Tagger . . . . . . . .. ... ... ... ..... 87
3.10.2 Charniak & Johnson Context-Free Parser & MaxEnt Reranker . . . 90
3.10.3 Chart Cell Closure Pipeline . . . . . ... .. .. ... ... ..... 92
3.10.4 Morphological Mimic Pipeline . . . . . .. . ... ... ... ..... 93

311 Summary . ..o e e e e e 94
Pipeline Techniques 96
Pipeline Iteration . . . . . . . .. .. ... ... ... ... 98
4.1 Tterated Constraints . . . . . . . . . . . . . . .. 98
4.2 Base Phrases . . . . . . . . . e 99
4.2.1 To Constrain a Parser . . . . ... ... ... ... .. ........ 101

4.3 Base-Phrase—Constrained Results . . . . . . . ... ... .. ... ...... 102
4.4 Combining Parser n-best Lists . . . . . . .. . ... ... ... 106
4.4.1 Union . . . . . . . e e e 106
4.4.2 Recombination . . . . . ... ... ... 107

4.5 Combination-Constrained Results . . . . . . . ... ... ... ... ..... 112
4.5.1 Recombined Constraints . . . . . . . . . ... ... ... ... .. 112
4.5.2 Unioned Constraints . . . . . . . . . .. ... ... . ... ...... 113

4.6 Multiple Iterations and Convergence . . . . . . .. .. .. .. ... ..... 117
4.7 Conclusion . . . . . . . . .. e 118

viii



5 Model Interaction . . . . . . . . . .. 120

5.1 Finite-State vs Context-Free Parse Trees . . . . . . . . . . ... ... .... 121
5.2 Model Comparison . . . . . . . . ... 122
5.2.1 Shallow Parsing Tasks . . . . . . ... ... ... ... ... 123

5.3 Model Intersection . . . . . . .. .. L 125
5.4 Model Training . . . . . . . . .. L e 128
5.4.1 Matched Train/Test Conditions . . . . . . . . ... ... ... .... 130
5.4.2  Mismatched Train/Test Conditions . . . . . . . ... ... ... ... 131

5.5 Conclusion . . . . .. L e 134
IIT Constraint Characteristics 135
6 Constraint Accuracy . . . . . . . . . . . ... e 137
6.1 Accuracy Metrics . . . . . . .. 137
6.1.1 Omne-Best . ... .. . . . . . .. 138
6.1.2 Oracles . . . . . . . . . . e 138
6.1.3 Rank Accuracy . . . . . . . ... 141

6.2 Empirical Effects of Manipulating Accuracy . . . . . . ... ... ... ... 143
6.2.1 Artificially Inflated Oracles . . . . . . .. .. ... ... ... .... 143

6.3 Conclusion . . . . . . . . . . e 144
7 Constraint Distribution . . . . ... .. ... .. o000 145
7.1 Spatial Characteristics . . . . . . . . . . . . . . .. e 146
7.1.1 Diversity . . . . . .. 147

7.1.2 Regularity . . . . . . . .. 150

7.1.3 Density . . . . .. e 151
714 Coverage . . . . . .. e 152

7.2 Distance and Similarity Metrics . . . . . . .. .. 0oL 154
7.2.1 F-scoreand D-score . . . . .. . ... ... ... 154
7.2.2 Levenshtein Distance . . . . . . . . . . .. .. ... ... ....... 159
7.2.3 Metrics from Graph Theory . . . . . . . . .. ... ... ... ..., 162
7.2.4 Nearest Neighbor Analysis. . . . . .. ... ... ... ... ..... 168
7.2.5 Spatial Characteristics of Other Constraint Types . . . ... .. .. 169

7.3 Manipulating the Distribution of Candidates . . . . . .. ... ... .... 170
7.3.1 Maximizing Diversity . . . . . . .. . ... L 170
7.3.2  Minimizing Step-Distance . . . . . . . .. .. ... L. 173
7.3.3 Generating a Complete-Coverage Search Space . . . ... ... ... 175

X



7.4 Conclusion . . . . . . . . . e 181

8 Weighted Constraints . . . . . . . ... ... ... ... ... .......... 183
8.1 Alternate Distributions. . . . . . . . . . ... oL 184
8.2 Peakedness Metrics . . . . . . . . . .. 185

8.2.1 Normalization . . . . . . . . .. . ... 186
8.2.2 Kurtosis . . . . . ... 187
8.3 Comparing Weight-Distributions . . . . . . ... ... ... ... ... .. 188
8.3.1 Kolmogorov-Smirnov Test . . . . . . . .. .. ... ... ... ..., 189
8.3.2 Kullback-Leibler Divergence . . . . . . . . . . . ... ... ... ... 190
8.3.3 Measuring Weighted Distributions in Different Pipeline Classes . . . 191
8.4 Learning with Weighted Constraints . . . . . .. ... ... . ... ..... 192
8.4.1 Unweighted Constraints . . . . . . . . ... ... ... .. ...... 193
8.4.2 Empirical Optimization . . . . . . ... ... ... ... ....... 194
8.4.3 Quantization . . . . . ... 197
85 Conclusion . . . . . . . . e 200

9 Conclusion . .. .. .. L 202
9.1 Chapter Summaries . . . . . . . . . . . .. 202
9.2 Best Practices . . . . . . . . . 205
9.3 Future Work . . . . . . . . . . e 207

Biographical Note . . . . . . . . . . .. 230



3.1

4.1
4.2
4.3
4.4

5.1
5.2
5.3
5.4
9.5
5.6

6.1
6.2
6.3
6.4
6.5

7.1
7.2
7.3
7.4
7.5
7.6
7.7
7.8
7.9

List of Tables

CSLUt feature templates . . . . . . . . . . . .. oo

F-score accuracy on base-phrase parsing and shallow-phrase chunking
Iterated base-phrase constraints . . . . . . . .. ... ... ... .. ... ..
Full-parse F-scores with base-phrase constraints . . . . . . . ... ... ...

F-score of unioned n-best lists . . . . . . . . . . ... ...

Comparison of shallow and context-free parsers . . . . . .. .. ... ....
Combining shallow and context-free parsers . . . . . . .. ... ... ....
Performance of “mis-trained” rerankers . . . . ... ... ... ... ....
Matched train/test conditions for combining parsers . . . . . ... ... ..
Mismatched train/test conditions for combining parsers . . . .. ... ...

Mismatched train/test conditions in context-free parsing . . . . . . . . . ..

One-best accuracy . . . . . . . v v v e e e e
Oracle-best and oracle-worst rates . . . . . . . . . ... ... ... ...
Even and uneven margins . . . . . ... ... oo
Mean reciprocal rank of parse candidates . . . ... ... ... ... ....

Inflated oracles for reranker training . . . . . . ... ... ... ... ....

Re-ordering with Pairwise-F and Pairwise-D scores . . . . . . .. ... ...
Even and uneven margins of pairwise-metric rankings . . .. ... ... ..
Diameter and radius distances as a measure of diversity . . . ... ... ..
Path distance as a measure of regularity and coverage . . .. ... ... ..
Distance of path-to-oracle as a measure of regularity and coverage . . . . .
Nearest-neighbor statistic . . . . . . ... ... ... ... ... ... ....
F-scores of max-similarity and max-diversity candidate sets . . . . . .. ..
Spatial characteristics of max-similarity and max-diversity candidate sets

F-scores of distance-limited candidate sets . . . . . . . . ... ... .. ...

7.10 Spatial characteristics of distance-limited candidate sets . . . . . . . .. ..

7.11 Reranking complete-coverage parse lists . . . . . . ... ... ... ... ..

7.12 Reranking complete-coverage parse lists > 2 . . . . . .. .. ... ... ...

xi



8.1
8.2
8.3
8.4
8.5
8.6
8.7
8.8

Normalized probabilities . . . . . . . . . .. . Lo oo 187
Kurtosis of conditionally-normalized probability distributions . . . . . . .. 188
Information gain as calculated by Kullback-Leibler divergence . . . . . . . . 191
Performance of reranking without distribution features . . . . . . . . .. .. 194
Empirically-optimized parser-probability features . . . . . . . .. .. .. .. 195
Empirically-optimized Pair-F and Pair-D distribution features . . . . . . . . 196
Quantized parser-probability features . . . . . . . . ... ... ... L. 198
Quantized Pair-F and Pair-D weight features . . . . . . .. ... ... ... 199

xii



1.1
1.2
1.3
14

2.1
2.2
2.3
2.4
2.5
2.6
2.7

3.1
3.2
3.3
3.4
3.5
3.6
3.7
3.8
3.9
3.10
3.11
3.12
3.13
3.14
3.15

4.1
4.2

List of Figures

A real-life pipeline . . . . . ... 3
An annotated sentence . . . . .. ... 5
Example parses . . . . . . .. 7
A POS-parsing pipeline . . . . . . ... 9
Fully-specified POS search space . . . . . .. ... ... ... .. ...... 20
Fully-specified MT search space . . . . . . ... ... ... .. ........ 21
Feed-forward pipeline . . . . . . .. .. . L o 23
Feedback pipeline . . . . . . . . . . ..o 25
Tteration pipeline . . . . . . . . .. L 26
Single- versus multi-source pipelines . . . . . .. ... ... ... 27
Intrinsic versus extrinsic evaluation points . . . . . .. .. .. ..o 33
Forward algorithm . . . . . . . . . ... . 51
Viterbi algorithm . . . . . . . .. L Lo 52
Forward-Backward algorithm . . . . . . . ... ... ... ... ....... 54
CYK chart parsing . . . . . . . .. . . 55
CYK algorithm . . . . .. .. .. . 56
An example context-free grammar and derived parse tree . . . . . ... .. 64
Automatic parsing pipeline . . . . ... ... L 65
Automatic speech recognition pipeline . . . . . . ... ... 66
Spectrogram of the word “weekend” . . . . . ... ... ... . ... ..., 68
Machine translation pipeline . . . . . . . . ... L L Lo Lo 70
An example word alignment and phrase alignment . . . ... ... ... .. 71
Edge detection . . . . . . .. L 73
Image classification pipeline . . . . . . . . ... . o oL 74
CSLUt finite-state tagger . . . . . . . . . . ... oo 87
The Charniak/Johnson parsing pipeline . . . . ... ... ... ... .... 91
Venn diagrams of search space in an iterated pipeline system . . .. .. .. 99
Base-phrases extracted from a full-parse tree . . . . ... ... ... ... .. 100

xiii



4.3
4.4
4.5
4.6
4.7
4.8

5.1
5.2

6.1

7.1
7.2
7.3
7.4
7.5
7.6
7.7
7.8

8.1

Full-parse tree consistent with base-phrase constraints . . . . .. .. .. .. 102

Iterated pipelines . . . . . . . . . . .. 104
ROOQOT-binarized base-phrase tree . . . . . . . . . .. ... ... ... .... 109
Precsion/recall tradeoff using the A parameter . . . . . . .. ... ... ... 111
Re-combination iterated pipeline . . . . . ... ... ... ... ... ... . 112
Unioned pipeline . . . . . . . . . . . e 114
A full-parse tree vs a shallow-parse tree . . . . . ... ... ... ...... 122
Context-free parser constraining a finite-state parser . . . . . . . ... ... 126
Rank-order accuracy . . . . . . . .. Lo L 140
Types of distance-comparisons . . . . . . . .. .. ... oL 146
Diversity and regularity of POS-tag sequences . . . . . . . .. .. ... ... 147
Diversity of parse trees . . . . . . . ... Lo 149
Regularity of parse trees . . . . . . . . ..o 151
Full-coverage in a set of POS-tag sequences . . . . .. .. ... ... .... 153
Example of triangle inequality using 1—F-score and D-score . . . . . . . .. 156
Rank-order accuracy of three pairwise-comparison scores . . . . . . . .. .. 158
Labeled bracket representation . . . . . . ... ... ... ... ... .. .. 161
Kurtosis of three example distributions . . . . . . .. ... ... ... .... 187

Xiv



Abstract

Formalizing the Use and Characteristics of Constraints
in Pipeline Systems

Kristy Hollingshead

Doctor of Philosophy
the Center for Spoken Language Understanding within
the Department of Science & Engineering
and the Oregon Health & Science University
School of Medicine

August 2010
Thesis Advisor: Brian Roark

Pipeline systems, in which data is processed in stages with the output of one stage pro-
viding input to the next, are ubiquitous in the field of natural language processing (NLP)
as well as many other research areas. The popularity of the pipeline system architecture
is due to the utility of pipelines in reducing search complexity, increasing efficiency, and
re-using system components. Despite the widespread use of pipelines, there has been little
effort toward understanding their functionality and establishing a set of best practices for
defining and improving these systems. Improvement techniques are usually discovered in
an ad-hoc manner, difficult to generalize for implementation in other systems, and lacking
in thorough systematic evaluation of the effects of the technique on the pipeline system.

This dissertation identifies and generalizes shared aspects of pipeline systems across

XV



several different application areas, including parsing, speech recognition, machine transla-
tion, and image classification. A formal framework of pipeline systems is defined, based on
these shared aspects, and the argument is made that pipeline improvement techniques de-
rived from this framework will be more easily generalized for application to other pipeline
systems. A systematic and thorough examination of the characteristics of constraints
used within several different pipelines is conducted to determine the effects of these char-
acteristics on pipeline performance. This dissertation will define quantitative metrics of
constraint characteristics including diversity, reqularity, density, and peakedness. Results
will demonstrate that 1) current metrics of constraint quality (typically intrinsic one-best
and oracle evaluations) are insufficient predictors of pipeline performance, and 2) sev-
eral quantitative characteristics of the constraints can be systematically altered to affect
pipeline performance. The framework, general improvement techniques, and quantitative
measures of the search space as provided by this dissertation, are important steps towards

improving the comparison, analysis, and understanding of pipeline systems.
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Chapter 1

Introduction

A pipeline system consists of two or more stages for processing data, where the output
of one stage provides the input of the next. Pipeline systems are based on a filter-and-
refine framework. The first stage in the pipeline filters a large set of possible solutions by
making a first pass over the search space and producing some subset of solutions for the
next stage. The next stage in the pipeline then refines the input solution space by using
a more complex model to search over the space and select a subset of filtered solutions for
the next stage. Each stage in the sequence typically uses increasingly-complex—and thus
hopefully increasingly accurate—models to analyze the input data.

Pipeline systems are also used in everyday life. Think of an assembly line at a factory,
or, more abstractly, your decision-making process. Imagine that you are planning a family
vacation, and your goal is to reserve a couple of rooms at a nice, affordable hotel close
to some interesting attractions. Do you begin by searching through the entire list of all
hotels everywhere in the world, sorting by cost, rating, and nearby attractions? Probably
not; there would be too many possible solutions (hotels) to analyze each one at that level
of detail. Thus, you probably begin by choosing where in the world you would like to
visit, like Europe, then narrow your search down to a particular area such as France and
perhaps then down to the city of interest, Paris. Once you have narrowed the search down
to a small geographical region, then you might start looking at the hotels in that region
and select one (or a few) based on its pricing, other travelers’ reviews of the hotel, etc.
Your entire decision process might therefore look something like the pipeline presented in

Figure 1.1.



— Continent » Country

v

City » Hotel [—

Figure 1.1: Pipeline illustration of an everyday decision-making process.

Like finding your dream vacation hotel amongst all possible hotels in the world, find-
ing a high-quality solution in a large space often requires a complex model with many
parameters for estimating the distribution of true solutions in the space of all possible
solutions. However, using such complex models for exact search is a time-consuming pro-
cess. A coarse model with fewer parameters, such as “find all 5-star hotels,” will search
over the space more efficiently, but will typically produce lower-quality solutions since the
decreased parameters corresponds to a poorer characterization of the search space — the
simpler search parameters did not take into account other features of the solution such
as location and price. Similarly, an approximate inference search, in which an arbitrarily-
complex model examines only part of the solution space, can be very efficient but may
also produce lower-quality solutions depending on which part of the space was examined
in the search.

One strategy for defining the space for an approximate inference search is to system-
atically reduce the search space of the problem in a step-by-step manner in order to apply
increasingly complex models to the space without discarding too much of the space at
once, thus minimizing the risk of discarding high-quality candidates from the search. The
search for a hotel described above is similar, in that first we selected a geographical re-
gion, then narrowed that region to a city, and only then did we consider details of the
hotels in the area such as ranking and proximity to attractions. Decreasing the size of the
search space as complexity increases allows for the application of more complex models
which would have been intractable if applied to the entire search space. Reducing the
search space in a series of steps is similar to the process of simulated annealing, in which
a number of “bad” solution candidates are allowed within the set if inclusion of these can-
didates allows the search to explore more of the space. As time proceeds, fewer of these
low-quality candidates are permitted, which corresponds to reducing the “temperature”

in the annealing process, thus reducing the size of the space to be explored. A pipeline



architecture provides a skeletal structure for reducing the search space of a problem in a

series of stages.

1.1 Pipelines in NLP

One of the reasons that pipeline systems are popular in natural language processing (NLP)
is because the search space for many NLP problems is large and multi-dimensional. Find-
ing the global optimum in such a space is computationally very demanding, and thus
NLP systems rely on search techniques that sample the space such that there is a high
probability of finding near-optimal solutions. One of the foundational tasks in NLP is text
annotation, which can have a very large search space, as will be shown below. Thus, the
pipeline architecture with its ability to reduce search complexity provides an attractive

solution for many NLP systems.

1.1.1 Solution Space for NLP Tasks

Annotation tasks in NLP consist of labeling (or annotating) natural language text, such
as news articles or web content, with linguistic structures. The goal then is to find, for
a sequence of words, the correct annotation from amongst all possible annotations. More
formally, the task is to find, from amongst the set of all possible annotations 7, the most
likely annotation T for a word sequence W:

T = argmaxP(T|W) (1.1)
TeT

Stated another way, the task is to search over the solution space defined by 7 to find the
best solution according to the model defined by P(T|W).

Two common examples of NLP annotation tasks are part-of-speech (POS) tagging
and syntactic parsing. The objective of a POS-tagging task is to identify the syntactic
function of each word, such as whether a word is a noun or a verb. Similarly, the goal
of a parsing task is to identify syntactic constituents such as noun phrases, verb phrases,
adjectival phrases, thus identifying sequences of words that tend to function together as a
unit. Figure 1.2 shows an example sentence, the POS tags for each word of the sentence,

and the syntactic parse of the sentence.



(a) Stock prices rose in light trading
NN NNS VBD IN JJ NN
Stock prices rose in light trading

(c) S
NP VP
N‘N Nl‘\TS VBD PP
Stock prices e ] Np
| P

in JJ NN

| |
light trading

Figure 1.2: Example sentence (a) annotated with (b) part-of-speech tags and (c¢) syntactic parse
tree.

If the word sequence were unambiguous, i.e., corresponding to only one possible anno-
tation, then |7|=1 and search would be simpler. However, this is rarely the case in NLP,
because natural language is inherently ambiguous. One example of natural language am-
biguity has already been shown: the third word in Figure 1.2(a) (“rose”) could function
as a noun rather than a verb.

In addition to the complexity created by language ambiguity, NLP annotation tasks
typically consist of annotating word sequences, rather than single words in isolation. Se-
quence annotation increases search complexity because the number of possible solutions
increases exponentially in the length of the sequence with each additional alternative so-
lution for each word. Consider, again, the POS annotation task. As mentioned above,
with two alternative POS tags for just one word in the sequence, there were two possible
solutions for the sequence. Our example sentence contains additional ambiguities: “light”
could be either an adjective or a noun, and “trading” could be a noun or a gerund verb.
With two alternative tags for three words in the sequence, there are eight possible se-
quence solutions. With three alternative tags for each word in the six-word sequence, a
reasonable number of alternatives given the ambiguity of natural language, the number
of possible solutions becomes 3% (|7]=729). This number becomes computationally un-

manageable as we move to longer word sequences, higher levels of ambiguity, and more



complex structures.

Furthermore, in working with robust statistical models in NLP, the number of “pos-
sible” solutions tends to be larger than just those represented by ambiguity inherent in
natural language. A robust statistical model is one which assigns a non-zero probability
to a word sequence. However, language is productive, so there are infinitely many possi-
ble valid word sequences. If non-zero probabilities must be assigned to all of them, then
statistical NLP is more challenging than simply keeping track of which word sequences
(and/or which annotations) have been seen and how many times they have been seen:
some number of likely sequences will never have been seen at all, even with a plethora
of training data. In order to accomplish this goal of creating robust models, most NLP
models employ various regularization (or smoothing) techniques [47, 120] which reserve
part of the probability mass for unseen words. Since smoothed statistical NLP models
will assign non-zero probability to unseen sequences, it could therefore assign non-zero
probability to invalid word sequences or annotations, leading to a huge increase in the size
of the possible solutions set.

As an example, Figure 1.3 shows ten of the top fifty parse trees as output by a state-
of-the-art statistical parser [41] for our example sentence. Note that some of the linguistic
ambiguities are apparent in the set while others are not: “light” is tagged as either an
adjective (JJ) or a noun (NN), but “rose” is always tagged as a verb (VBD or VBP),
never as a noun. The set of trees shown in the figure are a very small sample from
the probabilistic distribution assigned by the parsing model, and in fact this model will
produce up to 8,190 distinct trees for our example sentence, many more than we might
have predicted ourselves, and yet, still less than the infinitely many parses that might
have been predicted under a smoothed exact-inference model.! Thus the robustness of
NLP statistical models contributes to the overwhelming, computationally unmanageable

size of the search space for NLP annotation tasks.

!The Charniak [41] parser uses a “coarse-to-fine” strategy which does not explore the entire solution
space; see Chapter 3 (p. 90) for more details.
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Figure 1.3: Ten of the top fifty parse trees for example sentence.




1.1.2 Sequences of Tasks in NLP

The reason that text annotation is such a foundational task in NLP is that one of the
purposes of NLP is to aid automated understanding of natural language text, and one ap-
proach is by recovering hidden linguistic structures in text, such as syntactic dependencies
or semantic relations. Text annotation can aid other NLP tasks, such as machine trans-
lation or information retrieval, by providing information about the function each word
serves in the text, or the relation between two or more words in a sequence.

For example, in translating our example sentence from English to Spanish, “rose”
should be translated as a verb (“subir”) rather than a noun (“rosa”), and “light” should be
recognized as an adjective in order to correctly re-order “light trading” from the adjective-
noun pattern of English to the noun-adjective pattern of Spanish: “intercambio libiano.”
Thus, annotating word sequences with the syntactic function of the words may be just the

first step in a series of annotation tasks.

1.1.3 Filter-and-Refine in NLP

Another way to think about pipelines is within a filter-and-refine framework. Within
this framework, each stage necessarily reduces the search space for the next, whereas this
reduction is typical but not necessary in a pipeline framework. Under a filter-and-refine
framework, the objective of an NLP annotation task becomes one of finding the best
annotation T from just the subset of filtered annotations F, requiring a slight alteration

to Equation 1.1:

T = argmaxP(T|W). (1.2)
TeFCT

Our search for a vacation hotel falls under the category of a filter-and-refine pipeline,
since our task at the final stage was to find the best hotel from amongst just those that
passed through our geographical filters in earlier stages. Similarly, the POS-tags in Fig-
ure 1.2(b) act as a filter on possible syntax trees for the given sentence. Note in Figure 1.2
that the example syntax tree (c) contains the POS-tags (b). Therefore, the input word
sequence could be first annotated with POS-tags, then, given the tagged sequence, the

syntactic parse could be generated as another layer of annotation. Different POS-tag



word POS syntactic
— Parser |—
sequence Tagger parse

Figure 1.4: An example pipeline system where a sequence of words is input to the first stage,
which provides a part-of-speech tagged sequence to the second stage, which produces a syntactic
parse tree.

sequences will often result in different syntactic parses. For example, if the POS-tagger
correctly identifies the third word in the example sentence (“rose”) as a verb (VBD or
VBP), then the parser need not consider parses that place that word in a noun phrase
(NP); and in fact, we see in Figure 1.3 that “rose” is always tagged as a verb and thus
always a child of a verb phrase (VP). Thus, from the full set of possible parses for the
input sentence, the parser need only search over the subset of parse trees that are consis-
tent with the POS-tag solution. The POS-tagged sequence identifies a subset of the total
space.

In a pipeline system such as the one shown in Figure 1.4, the output from the first-
stage tagger filters out some of the possible syntactic parse solutions, thus reducing the
search space for the second-stage parser. The refinement step in the example pipeline
is provided by the parser, at the second stage. One could think of the first-stage POS-
tagger as actually providing syntactic parsing solutions, where those solutions are simply
the set of parses containing one of the output POS-tag sequences. Of course, the tagger
is a greatly-impoverished “parsing model,” because it only models the space of possible
POS-tag solutions, and does not model the higher “layers” of a parse tree. Furthermore,
the tagger provides a uniform distribution over the set of consistent parses, so selecting a
parse from this set is tantamount to random selection, and it is unlikely that a high-quality
parsing solution will be randomly selected. Thus, one can view the parser as refining the
solution defined by the POS-tagger, with a better model of the remainder of the solution
space to improve the likelihood of selecting a higher-quality parse solution.

Another, perhaps more straightforward, example of solution refinement is provided by
the reranking paradigm, which has recently gained in popularity for several NLP tasks,
including parsing [64, 44| and machine translation [199]. In reranking, the solution set

output by one pipeline stage is then reranked—or re-sorted—by the next stage, with the



10

goal of using a model with a larger (or different) parameter space in the reranking stage
to select a better solution from among the provided solution set. For example, the parser
in Figure 1.4 could output the ten highest-scoring parses according to its model, then an
additional reranking stage, appended at the end of the pipeline, could be used to select

the best parse solution from among those top ten parse candidates.

1.2 Problem Statement

Despite the widespread use of pipelines, there has been no formal definition of them, nor
has any effort has been made to understand how they function in order to improve their
performance.

The pipeline architecture provides an attractive option for improving the efficiency
and tractability of search problems in NLP, as well as providing a structure for building
highly modular systems, which allows for the reuse of existing components of the system.
Modular systems are further motivated by human processing which appears to follow a
modular method [86]. For example, Abney [1] motivates his work on chunking with the
intuition that when reading sentences, one typically reads them “a chunk at a time.” He
argues that the order in which chunks occur is much more flexible than the order of words
within chunks, and thus parsing by chunks and then proceeding to attachment has distinct
processing advantages, which might help explain why humans utilize a chunk-by-chunk
parsing strategy themselves.

Thus for efficiency, tractability, and modularity reasons, pipelines have been imple-
mented for many NLP application areas, including parsing, machine translation, semantic
role labeling, and speech recognition. Despite such popular usage of the pipeline archi-
tecture, the methods and options for implementing such an architecture have remained
mostly unstudied. As a result, most pipeline systems are implemented in an ad-hoc man-
ner, by simply copying the techniques “historically” used for other pipeline systems within
the same application area, or worse, without considering previous similar implementations.
There has been little discussion of the reasoning behind certain pipeline implementation

decisions, how (or whether) such decisions might affect pipeline performance, and how
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a pipeline might be altered so as to improve its performance. Implementing pipeline
systems according to the designs and parameterizations that have worked in the past,
without analyzing the reasons behind the success (or failure) of such choices, indicates a
lack of understanding of how the pipeline architecture functions, which in turn hinders
the definition of effective methods to analyze and improve pipeline systems.

There are, in fact, many commonalities underlying existing pipeline systems, regard-
less of application area. These commonalities include factors such as how constraints
are passed from one stage to the next; whether the pipeline includes a reranking stage
or, similarly, a voted recombination stage; whether an intrinsic evaluation can be per-
formed on the output at internal stages of the pipeline, or only extrinsic evaluation on
the output of the final pipeline stage. However, the descriptions and definitions of exist-
ing pipeline systems are very inconsistent, particularly across different application areas
such as parsing and machine translation, making it difficult to compare pipeline systems
cross-application. Without a straightforward comparison, it is often difficult to under-
stand how advancements in the use of pipeline systems in one application area might be
beneficially applied to other applications. Generalizing pipeline systems by focusing on
the commonly-used aspects of the underlying system architecture will ease comparison

and allow for the development of general techniques for improving pipeline systems.

1.3 Research Objectives

One of the research objectives is to generalize pipeline systems by the creation of a for-
mal definition and theoretical framework for pipeline systems, then using this framework
to classify existing pipeline systems. Another objective is to demonstrate that a more
quantitative approach to analyzing pipeline systems may result in a better understand-
ing of—and, consequently, better methods for improving—pipeline systems. Therefore
this dissertation will also define a set of metrics to quantify characteristics of the con-
straints used in pipeline systems, and demonstrate how systematic alterations in those
characteristics can affect pipeline performance. The utility of building a better under-

standing of the effects of the constraints will be demonstrated by establishing several
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pipeline improvement techniques to systematically alter characteristics of the constraints
to improve performance. These techniques will be applied to a class of pipeline systems
in order to demonstrate the generality of their results, as opposed to previous ad-hoc and
implementation-specific results.

The main question to be addressed by this research is as follows: how is the perfor-
mance of a pipeline system affected by differences in characteristics of the data output
by one pipeline stage as input constraints for the next stage in the pipeline? Of course,
such constraints are used quite differently by different pipeline systems, and answers to
this question will be affected by how the constraints are used, so the research will begin

by addressing the following questions:

1. How is performance affected by different representations of the search space con-

straints, such as n-best lists versus lattices versus partially-defined solution sets?
2. How is performance affected by the flow of data through the pipeline?

3. How is performance affected by the source of the constraints, including such issues
as single versus multiple sources, sampling across the pipeline, and sources outside

of the pipeline?

4. How do the effects of the constraints differ in train-time pipelines as compared to

test-time pipelines?

These questions will be addressed by creating a framework (Chapter 2) for classifying
pipeline systems according to how constraints are used within the pipeline. Such a frame-
work will allow the main research question to be addressed in a generalizable manner,
looking specifically at how characteristics of the search space defined by the constraints,
such as accuracy (Chapter 6), diversity, regularity, density (Chapter 7), and peakedness
(Chapter 8), affect pipeline performance. By addressing these questions, this thesis aims
to create a new set of “best practices” for designing, implementing, and testing pipeline

systems.
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1.4 Thesis Contributions

The contributions of this thesis include: a detailed framework for classifying pipeline sys-
tems; new metrics to characterize datasets passed between the stages of a pipeline system,
along with an analysis of several different methods used to generate such datasets; and
a novel method to configure pipelines. The pipeline framework will identify the different
elements of a pipeline system, the different ways in which the elements may be realized,
and the possible reasons behind and effects of the different realizations. By defining and
utilizing new metrics to characterize the constraints used in a pipeline, this dissertation
will provide a better understanding of how constraints affect pipeline performance and
how best to alter the stages of and constraints within a pipeline to improve performance.
Furthermore, we improve over several state-of-the-art results by implementing a novel
pipeline iteration technique, tuning the restrictiveness of input constraints to optimize
between precision and recall, altering the density of input constraints, and implementing
empirical optimization for probability-score features. We show a 0.6% F-score improve-
ment over the hard baseline defined by the Charniak and Johnson [44] pipeline, using the
same pipeline (Chapter 4). We also show new state-of-the-art results for NP-Chunking
and shallow parsing, higher than any previously reported result by 0.5% absolute F-score
(Chapter 5). We improve the rank-accuracy of n-best parse lists using a distance metric
defined in Chapter 7. Most importantly, we discover—and correct for—a few of the rea-
sons for the unexpected and puzzling results previously reported in [110, 152] (Chapters 4,
5, 7, and 8). While these improvements may seem small, recall that we are starting from

a hard baseline provided by a state-of-the-art parsing pipeline.

1.5 Thesis Organization

The preceding sections have discussed the different uses and advantages of pipeline sys-
tems in NLP, and argued that many of the methods used within a pipeline to represent,
characterize, and search over the solution space are generalizable. Having established the
general nature of pipelines in NLP, the remaining chapters in this dissertation will con-

struct a framework of pipeline systems, conduct a large-scale survey of existing pipeline
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systems and classify these systems according to the pipeline framework, establish sev-
eral general techniques for pipeline improvement based on the different pipeline classes,
analyze several characteristics of constraints in pipelines, and systematically alter those

characteristics to determine the effects on pipeline performance.



Chapter 2

A Pipeline Framework

Recall that one of the goals of this dissertation is to determine how changes in char-
acteristics of the search space affect pipeline performance. However, differences in the
pipelines, such as pipeline design, function, and data representation within the pipeline,
might cause pipeline systems to react differently under different conditions. Thus, the ob-
jective of this chapter is to define a framework for classifying pipeline systems, such that
pipelines within the same class tend to exhibit similar characteristics in terms of design,
function, and response to changes in the search space. Establishing such a framework for
classifying pipeline systems, and then analyzing pipeline performance within each class,
will provide a baseline for generalizing which pipeline classes are likely to work best under

various different conditions.

2.1 Formal Definitions

Let us formally define a pipeline system as a tuple P(S, 0, I,C, ¥). Each element in this
tuple is defined below.

Pipeline is defined as P, which encapsulates the entire pipeline system, from start to
finish, including each stage S;, constraint set C;, and passageway ¥ (as defined

below, respectively).

Pipeline stages are defined as a set of stages S, S = {S1,..., Sk}, which represent the
k stages in the pipeline. A stage is defined as a stand-alone system to process data

as it passes through the pipeline. For the current stage S;, S; for j < ¢ is referred

15
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to as an upstream stage, and S; for j > i as a downstream stage. The ordered
sequence of stages is defined based on the major passageway (see message-passing

definition, below) through the pipeline.

Output from each stage is defined as O = {Oy,...,0)g}, such that O; is the output of
stage S;. The output of the final stage in the pipeline, Ojg) may be evaluated as the

pipeline-final solution.

Input to each stage is defined as I = {I,... ,I‘S|}, again such that I; is the input to
stage S;. In a pipeline system, the input of downstream stages is typically defined

(or constrained) by the output of upstream stages.

Constraints output by each stage are represented by C' = {C4, ..., C 5|}, with one set of
constraints per pipeline stage; C; is the set of constraints from stage S;. Constraint
characteristics, which will be thoroughly discussed throughout this dissertation,
refer to different characteristics of each constraint set C;. Note that the constraints
C; may be identical to the stage output O;, or the constraints C; may be extracted
from the stage output O;. Conceptually, output differs from constraints only in that
output of a stage is typically evaluated for correctness in an intrinsic evaluation,

whereas constraints may not necessarily be evaluated for correctness.

Message-passing is represented as the relation ¥ where the binary relation ¥(S;, S;)
indicates the presence of a passageway between stage S; and stage S;, and further-
more that the flow of information (or constraints) is passed from stage S; to stage
S;. There is typically one identifiable major passageway through the stages of a

pipeline, with optional minor or auxiliary branches between other stages.

2.1.1 Motivation

The elements of a pipeline tuple P defined in the previous section were selected based on ex-
tensive research of existing pipeline systems in several NLP application areas: parsing, ma-

chine translation, image analysis, and speech recognition. Select parsing pipelines include
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the state-of-the-art Charniak/Johnson parser/reranker [44], the Clark&Curran combina-
tory categorical grammar parser [56], and the Ratnaparkhi POS-tagger /NP-chunker/parser
pipeline [175]. Machine translation (MT) pipelines include the IBM models for word-
alignment [30] as instantiated in the GIZA++ system [164], alignment template models
[166], and the state-of-the-art phrase-based models of Pharaoh [128] and Moses [129]. An
image segmentation system using a cascade of classifiers to estimate k-nearest neighbors
[6] and two voted-combination speech recognition systems [84, 97] round out the set of
exemplary pipeline systems that motivated different aspects of the pipeline framework
defined in this chapter. Further references will be covered in the next chapter.

The following sections will describe five main aspects of a pipeline P(S,0,I,C,¥):
pipeline stages S1...Sk, including stage-internal search algorithms and objectives; dif-
ferent message-passing methods W; and the different types and objectives of constraints
C1...Cg| passed between stages. Pipeline stages (Section 2.4) are defined in terms of
the necessary conditions for a system to participate in a pipeline, as well as some of the
stage-internal design choices that can affect the pipeline. Message passing (Section 2.3)
is a discussion of the different methods to pass constraint information through a pipeline
system, with a focus on the directionality of the information flow. Constraint represen-
tation (Section 2.2) is a definition of the different methods for representing constraints
passed from one stage to the next, as well as how the different methods of representation

affect stage-internal design choices.

2.2 Constraint Representations

The first aspect of pipeline systems that we will discuss is the messages, or constraints
C1...C\g), passed from one stage of the pipeline to the next. More particularly, this
section will address the different methods of representing the constraint data. The two
main representation methods are partial solutions and complete solutions. With partial
solutions, the search space defined by the constraints is an under-specified set, and must be
built up by the downstream stage while remaining consistent with the defined constraints.

With complete solutions, the space defined by the constraints is fully-specified, in that
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the solutions contained within the space can be enumerated without any knowledge of the
downstream stage.

The motivation for examining these two different methods of constraint representa-
tion is twofold. First, these representations are sufficient to describe any of the pipeline
constraints analyzed in a large-scale survey of pipelines from multiple application areas
(Chapter 3). Second, and more importantly for this dissertation, the different constraint
representations will tend to exhibit different characteristics and will require different met-
rics to measure the characteristics of the space. For example, the “diversity” (Section 7.1.1)
of a complete solution set is measured differently than the diversity of partial solutions. As
another example, an under-specified space may tend to be more “regular” (Section 7.1.2)
than a fully-specified search space. Thus, separating pipeline systems into classes with
similar behavior based on the constraint representation will prove beneficial for the re-
search goal of determining the effects of constraint characteristics on pipeline performance

(Chapter 7).

2.2.1 Partial Solutions

Constraints represented as partial solutions under-specify the search space such that, with
no knowledge of the next-stage model, one cannot precisely determine the possible output
of the stage. Partial-solution constraints leave part of the solution set undefined by placing
a restriction on only part of the search space. Rather than exactly defining a set of count-
able solutions, partial-solutions define a condition for rejecting a solution from inclusion
in the set. These constraints may be used to restrict only the unambiguous parts of the
solution, explicitly passing off ambiguity resolution to the next stage. The constrained
solution parts may also correspond to areas of such high certainty that exploring the area
for alternative solutions would be a waste of resources.

An example of a partial solution space is a POS-tag sequence used to constrain a
parser: the POS-tag sequence represents a partial parsing solution, and the parser is
constrained to just those parses that contain the given POS tags. Of course, one could
also use a set of partial solutions to constrain the downstream stage: for example, using

several POS-tag sequences to constrain the parser to just those parses that contain any of
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the given POS-tag sequences. Note that with sets of partial constraints, the downstream
stage may interpret the constraints as a union or disjoint set of constraints, each of which
will have a slightly different effect on the characteristics of the constraint-defined space.
One of the benefits of partial-solution constraints is that the constraint-defined search
space is a more regular space, without large gaps in the search space between one possible
solution and the next. Complete-solution constraints, discussed in the next section, may
hinder performance of downstream stages by producing irregular search spaces. This
characteristic of regular versus irregular search spaces will be further explored in Chapter 7.
One of the disadvantages of partial-solution constraints is that the objective of down-
stream stages will be different than the current stage. The current stage will (in general)
optimize for the “best” partial solution, which may or may not correspond to the best
full solution. Furthermore, the modularity of pipelines means that the same pipeline
stage could be used in several different pipelines, e.g., a POS-tagging stage could be used
in a constituent parsing pipeline, a dependency parsing pipeline, a machine translation
pipeline, an automatic summarization pipeline, etc. Such a situation creates a separation

between the intrinsic and extrinsic evaluations of a pipeline, as discussed in Section 2.5.

2.2.2 Complete Solutions

Constraints represented by complete solutions define an exact specification of the search
space. Representing the search space as a set of complete candidates, such as an n-
best list, has become a popular choice for pipeline systems in recent years. Part of this
popularity may be due to the success of reranking methods such as the Charniak and
Johnson [44] and Collins [64, 65] parsing-and-reranking pipelines, but also to the prevalence
of efficient algorithms for generating n-best lists [159, 112, 151, 113]. The set of complete
solution candidates is passed on to the next stage for ranking, reranking, or recombination,
according to the stage-internal search algorithm (Section 2.4).

Note that such a set of complete candidates may be represented as a list of candidates
and also as a graph (a word-lattice in ASR, or a CYK chart in parsing). In a candidate-
graph, each path through the graph represents one solution candidate. A list can actually

be represented as a graph; furthermore, graphs are typically a more compact representation
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(a) POS-tagging “Stock prices rose in light trading”

1 (NN Stock) (NNS prices) (VBD rose) (IN in) (JJ light) (NN trading)
2 (NN Stock) (NNS prices) (VBD rose) (IN in) (NN light) (NN trading)
3 (NN Stock) (NNS prices) (VBD rose) (RB in) (JJ light) (NN trading)
4 (NN Stock) (NNS prices) (VBD rose) (RP in) (JJ light) (NN trading)
5 (NN Stock) (NNS prices) (VBD rose) (RBR in) (JJ light) (NN trading)
6 (NN Stock) (NNS prices) (VBD rose) (IN in) (JJ light) (VBG trading)
7 (NN Stock) (NNS prices) (VBD rose) (FW in) (JJ light) (NN trading)
8 (NN Stock) (NNS prices) (VBD rose) (RP in) (NN light) (NN trading)
9 (NN Stock) (NNS prices) (VBD rose) (IN in) (NN light) (VBG trading)
10 (NN Stock) (NNS prices) (VBD rose) (FW in) (NN light) (NN trading)

—~
=3
~

Figure 2.1: Part-of-speech sequence search space as represented by (a) a top-10 list and (b) equiv-
alent graph.

of a list. Figure 2.1(a) shows a list of part-of-speech tags, and Figure 2.1(b) shows the
same list in a compacted graph format. Similarly, Figure 2.2(a) shows a list of sentences
output by a machine translation decoder while Figure 2.2(b) shows the graph format of
the list.

With a full specification of the space, one can exactly enumerate the possible set of
solutions to be output with no knowledge of the model used by the next stage. Enumer-
ation of the solutions represented by a list is trivial, of course; enumerating every path
through a graph is also straightforward but can require large amounts of memory to do
so. This ability to enumerate the space has several benefits.

One of the benefits of representing the search space as a complete solution set is
that each solution candidate in the space can be directly analyzed and characterized. For
example, the accuracy of each candidate can be calculated (assuming the availability of an
evaluation metric for the given data). With these accuracy values, one can then calculate

the oracle of the space: the solution with the highest accuracy score. The oracle candidate
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(a) Translating « RO, 3THREFR 7
1 stock prices rise , trading

the stock prices rise , trading

in the stock prices rise , trading

stock prices rise , trading market

the stock price increases , trading

trading stock prices rise ,

the stock price rise , trading

stock prices rose , trading

the stock price increases trading

stock prices , trading

© 00 J O O = W N

—_
o

Figure 2.2: Machine translation sequence search space as represented by (a) a top-10 list and
(b) equivalent graph.

represents the ceiling performance of the next stage downstream, and can be used as the
search objective (Section 2.4.2) and in evaluation (Section 2.5).

Another benefit of enumerating the solutions in the space is that it is more straight-
forward to measure characteristics of the space such as diversity and sparsity. Full spec-
ification can appear more restrictive than an under-specification, because the next stage
in the pipeline is forced to select from exactly the set of solutions specified. However, it
is important to make equal comparisons between two solution spaces. Two fully specified
spaces, defined by two n-best lists of possible solutions, are straightforwardly comparable:
the smaller n-best list corresponds to more restrictive constraints, since the constrained
stage has fewer options from which to select a solution. A partial solution may appear
less restrictive, but if the partial solution corresponds to only a few solutions, then this

partial-solution constraint is more restrictive than a list of fifty possible solutions. Thus
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great care should be taken in comparing search spaces defined by partial solutions versus

complete solutions.

2.2.3 Hard vs Soft Constraints

The previously mentioned representations of constraints in a pipeline system—both partial-
and complete-solution constraints—are examples of hard constraints. Hard constraints are
used to reduce the size of the search space, thus providing the efficiency benefit of pipeline
systems, by systematically reducing the search space at each stage of the pipeline. This
class of constraints places an absolute limit on performance capacity; the constrained stage
can only select from the solutions included within this limit.

Soft constraints may also be used to define a search space; such constraints do not
actually change the search space but provide a prior distribution over the space. Thus the
constrained downstream stage is free to select any solution, even ones that were estimated
to have little chance of being correct.

These two categories of constraints are not mutually exclusive; a set of constraints
could both define a solution subset and provide a probability distribution over that subset,
in which case the constraints would be categorized as both hard and soft. In fact, most
pipeline constraints that we review in Chapter 3 fall under this category. This dissertation
will strive to separate the effects of hard versus soft constraints on pipeline performance;
in particular, Chapters 6 and 7 examine the effects of hard constraints, while Chapter 8

focuses on the effects of adding soft constraints to a pipelined search space.

2.3 Message-Passing

Message-passing ¥ is the manner in which data is passed through a pipeline system. The
messages themselves, and the manner in which they are represented, were discussed in the
previous section (2.2). The three methods of passing data through a pipeline system are
in a feed-forward manner, feedback manner, or by iteration. This section will also touch

on the different possible sources of messages passed through the pipeline.
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Figure 2.3: Feed-forward pipeline.

2.3.1 Feed-forward

In a feed-forward pipeline, data continuously flows downstream, from one stage S; to the
next stage S;4+1 downstream, without circling back upstream. The data makes a single pass
through the pipeline. In general, the solution space passed from stage to stage steadily
decreases over the course of the pipeline. Figure 2.3 shows a simple feed-forward pipeline,
which could be defined as follows: P({S1,S2, 53}, {O1,02,0s}, {11, s, I3}, {C1,Ca},
{¥(S5y,52),¥(S2,S53)}), with three stages, constraint sets output from stages 1 and 2,
and a message-passing relation from stage 1 to 2, and from stage 2 to 3. Note that
there are no passages from downstream stages to upstream stages earlier in the pipeline:
~30(S;,S;) st j < i

Mathematically, a feed-forward pipeline is equivalent to the composition of each of
its stages, where each stage in the pipeline corresponds to a function in the composition:
g(f(z)), or (go f)(x). The range of the inner function of the composition restricts the
domain of the composed function; if f(x) = 22, then g(f(z)) is restricted to the positive
domain and is undefined in the negative domain. Thus in function composition, the range
of the inner function filters and reduces the set of possible solutions just as the output of
earlier pipeline stages serves to define a reduced search space for later stages.

Our vacation pipeline from Figure 1.1 (p. 3) is an example of a feed-forward pipeline
system. Other examples of feed-forward pipelines from NLP include: inputting text to a
part-of-speech tagger, then passing the POS output to a downstream parsing stage; in-
putting parallel corpora text through a word-alignment stage, using the output alignments
to extract aligned phrases, then passing the phrases to a downstream machine translation
decoding stage; inputting an image to a segmentation stage to identify boundaries in the

image, then passing the segmented image to a downstream image labeling stage.
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2.3.2 Feedback

In a feedback pipeline, data may flow back and forth between pairs of stages. The data
makes a single pass through the entire pipeline, but may make multiple passes through any
given stage. In general, the solution space passed from stage to stage typically decreases
over the course of the pipeline, though the feedback mechanism allows for expansion of
the space as will be discussed. Figure 2.4 shows a simple feedback pipeline, with bi-
directional passages between each pair of stages. This pipeline could be defined as follows:
P({S1, 52,53}, {O1,02,03}, {I1,12,13}, {C1,C2,C3}, {¥(S1,S52), U(Se,S1), V(S2,Ss),
U(Ss,S2)}), with three stages, message-passing from S; to Sz and back from Ss to Si, as
well as from stage S2 to S3 and back from S5 to S2, and constraint sets C from stage 57,
Cs from Sy, and C3 from S3. Note that messages only flow back upstream in passages that
already exist for downstream message passing: 3 ¥(S;,5;), where j > 4, iff 3 ¥(S;,.5;).
We can see from this example that we need both the constraint variable C' and ¥, to
indicate which constraints are passed between each stage.

We could have chosen not to represent the messages passed back upstream as con-
straints, because they tend to behave differently: constraints passed downstream typically
restrict a search space, a feedback message passed upstream might result in an enlarged
search space. A “feedback request” is usually made on failure to find a solution given
the current constraints. The response to such a request may either be to output different
constraints, or fewer constraints. Either of these responses will (as intended) change the
search space, and may in fact increase the size of the space as compared to the space
defined under the original set of constraints. Though it is unusual to increase the search
space as messages are passed through the pipeline, the increased space may lead to the
downstream stage finding a solution whereas without the feedback mechanism no solution
would have been found. Despite the obvious utility of being able to backoff to a different
set of constraints on failure in the downstream stage, feedback pipelines are not often
implemented.

An example of a feedback mechanism in our vacation pipeline (Figure 1.1, p. 3) might

be between the third and fourth stages: in the case that the hotel-search comes up empty,
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Figure 2.4: Feedback pipeline.

or returns very few options, then you might choose to go back to the city-search stage of
the pipeline and expand the city-constraints to include the surrounding towns and areas.
Some conceptual examples of feedback in NLP pipelines are: using a chunker to delimit the
bottom brackets of a context-free parsing solution, then going back to the chunker if the
next-stage parser failed to find a complete parse given the chunker’s output constraints;
similarly, using a supertagger to constrain a CCG parser, and allowing the CCG parser to
go back and request more or different supertag constraints [59]; using a lexical translator to
anchor phrases for phrasal translation, then returning to the lexicon for more translation

options if the phrasal translator fails.

2.3.3 Iteration

In an iteration pipeline, the data makes multiple passes through the pipeline. Fig-
ure 2.5 shows a simple iteration pipeline, with one iteration passageway from the final
stage of the pipeline back to the first stage. This pipeline could be defined as follows:
P({S1, 52,53}, {O1,02,03}, {11, I, I3}, {C1,Ca, Cs}, {¥(S1, S2), ¥(S2,S3), ¥(S3,51)},),
with three stages, message-passing from stage 1 to 2, 2 to 3, and from stage 3 back to stage
1, and constraint sets output from stages 1, 2, and 3. Note that the iteration passageway
does not necessarily have to be placed at the end of the pipeline, nor does it have to
return to the beginning of the pipeline. However, an iterated message must pass from a
downstream stage to an upstream stage lest the passage qualify as a feed-forward passage
rather than iteration; there should be at least one stage between the two stages at the
start and end of the iteration passageway or the passage would be classified as a feedback

mechanism rather than iteration. Thus, for an iteration passageway ¥(S;,S;), j > i and

i+14#7.
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Figure 2.5: Tteration pipeline.

An example of iterating through our vacation pipeline (Figure 1.1, p. 3) might be that
after seeing the hotel results returned by the final stage, you decide that only a five-star
hotel will do for your vacation, and so you return to the beginning of the search with
this new constraint. Ruling out all but five-star hotels will probably rule out some parts
of the world as vacation locations, and so your second pass through the pipeline will be
constrained differently than the first, and may change your decision process, although you
might also end up with the same solution as you did after the first pass.

Iteration pipelines in NLP are rare, though Chapter 4 will show that iteration can be
a surprisingly successful technique for improving pipeline performance. Two examples of
NLP iteration pipelines are: using information from a full parse output by a reranking
stage at the end of a parsing pipeline to constrain a first-stage chunker or POS-tagger in a
second pass through the entire pipeline; and using the translation sequences output by a
reranking stage at the end of a translation pipeline to constrain, in a second pass through

the decoding process, the phrases extracted at an early stage of the pipeline.

2.3.4 Message Source

The source of the messages passed as constraints in the pipeline can affect pipeline perfor-
mance. This section will discuss single- and multi-source pipelines, sampling techniques,

and constraint generation and manipulation.

Single-Source vs Multi-Source Pipelines

In a single-source pipeline, data flows from a single upstream stage; thus there is a one-
to-one relationship between all of the stages in the pipeline. In contrast, in a multi-source

pipeline, the data flows from multiple upstream stages, which allows for many-to-one
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Figure 2.6: Compare (a) a single-source pipeline to (b) a multi-source pipeline.

relationships between stages.

Figure 2.6 shows two simple single-source and multi-source pipelines. The single-
source pipeline would be defined as: P({S1, 52,53}, {O1,02,03}, {11, 12, I3}, {C1,Ca},
{W(S1, S3), U(S2, S3), U(S3,S54)}); note that Vj € ¥(S;,S;) there exists only one i¢. The
multi-source pipeline would be defined as: P({S1, S2,S3, S4}, {O1,02,03,04}, {11, I2, I3, 14},
{C4,Co,C3}, {W(S1,S3),¥(Ss,S3),¥(Ss3,54)}); noting that here, for S3, there are two con-
straining stages: S7 and Ss.

The benefit of using multiple sources in a pipeline is that each source stage may
constrain a different part of the search space, perhaps by providing partial solutions for
different parts of the problem space. The multiple source stages may also, however, operate
over the same part of the space. Thus there are several methods for combining constraints
from multiple sources, including set union and intersection, and voting or distribution

combination.

Sampling

Sampling, a technique that will be discussed only briefly in this dissertation, is an interest-
ing hybrid of extracting the final output solution by sampling the probability distribution

of every stage in the pipeline. Finkel et al. [83] used Bayes-net sampling over the entire
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pipeline rather than using a single partial-solution candidate output from each stage to
define the search space of the next stage. They did not compare to an n-best pipeline,
where the output from each stage may be multiple possible solutions. This dissertation
argues that n-best pipelines which include a probability distribution as part of each stage’s
output, perform similarly to a sampling pipeline but with a simpler implementation (see

Section 2.2).

Message Manipulation

The messages passed from one stage to another in a pipeline can be systematically manip-
ulated by an external process. There are several possible reasons to manipulate this data.
One is to test the “ceiling” performance of the downstream stage, to determine how well
downstream stages could perform if only the upstream stage had: included the correct
solution within the space of possible solutions (see Section 2.5.2 for further techniques
to address the problem of search errors), included a more diverse set of candidates, or
defined a more regular set of candidates. These methods of manipulation and others will
be discussed and tested thoroughly in Part III.

Another reason to manipulate data is to synthesize negative examples to be included in
the training dataset. Some discriminative modeling approaches require negative examples
in the training data. There are several different methods to synthesize negative examples
for these models, some of which can significantly affect pipeline performance (as will be

shown in Chapters 5 and 7).

2.4 Stage-Internal Attributes

The use of separate stages in pipeline systems is what makes pipelines such modular
systems. Each stage acts as a “black-box” system in that stage-internal details, such as
its search algorithm, feature space, objective function, etc., are hidden from other stages
in the pipeline. The only interaction between stages is at the input and output of each
stage. Thus, so long as the input/output of a stage conforms to the expected format,

different systems can be plugged into the pipeline without re-designing the entire pipeline
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system. This plug-and-play modularity means that pipelines are flexible and re-usable
systems.

A pipeline P may consist of any finite number of stages greater than one. Each of those
stages has a number of stage-internal components, such as search method and objective.
Each of these components, and their effect on pipeline design, will be discussed in the

following sections.

2.4.1 Search Method

Search method is used here to encapsulate how a model searches through the space of
possible solutions, and is closely related to the representation of the space, discussed in
Section 2.2. The five main methods of search used in pipeline systems can be categorized
as: creation, extension, combination, selection, and ranking.

The creation method is most easily compared to searching in an unconstrained space.
The solution is created from scratch, built up over the raw input data. In this methodology,
constraints are used to reject or score the solutions proposed (or created) by the model.
Creation models are generally found at the beginning stages of a pipeline, typically built
as stand-alone models rather than as part of a pipeline.

The extension method is similar to the creation method in that the solution is built up
over the input data, but here the input is a partial solution (Section 2.2.1) rather than raw
data. Thus the input partial solutions are extended to create the final output solution.
Extension models are, by definition, never the first stage of a pipeline.

The combination method takes as input partial solutions, then combines those partial
solutions in order to produce a complete solution. It can also take as input a set of
complete solutions (Section 2.2.2), which are then typically broken into partial solutions
and re-combined to form the complete solution for output. Unlike the extension method,
where the input partial solutions under-specify the search space, here the input provides
a full specification of the search space — each possible output solution could, given enough
time and space, be enumerated from the input.

Both the selection method and the ranking method take sets of complete solutions as

input. The selection method selects one of the inputs as its favored output, whereas the
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ranking method ranks and outputs the entire input set. Note that most of the popular
so-called “reranking” systems (discussed more thoroughly in Chapter 3, p. 80) are actually
used as selection systems: while the systems do indeed rank the entire input candidate
set, only the highest-ranked candidate is considered to be the system’s output. While it
is usually straightforward to alter the system such that it outputs all of the the ranked
candidates rather than just the favored one, one should also take into account the search
objective used in training the system (see Section 2.4.2). For this dissertation, we define
selection stages as being trained with a one-best search objective, such that the model is
rewarded for finding a more-correct candidate; ranking stages are trained with a ranking
objective, such that the model is rewarded for finding a ranking that is closer to the true
ranking of the input candidates.

Different search methods can be affected in different ways by the characteristics of a
search space. For example, the diversity of candidates has been mentioned in literature
regarding combination (or “voted recombination”) models [189, 191], but rarely (though
c.f. [152]) in regards to selection models. Different search methods may be robust to
changes in search space coverage, for example, but sensitive to changes in the quality
characteristics (such as one-best and oracle-best accuracy rates). Or a search method
may be more sensitive to changes in the quality of the space if the coverage of the space is
more sparse. Current practices simply ignore these possible interactions, possibly to the

detriment of pipeline performance.

Training and Testing

In designing a pipeline system, the choice of different search methods can also have an
effect on experimental design and execution. Some methods will need to be trained only
once in order to be tested under different conditions, whereas others will need to be re-
trained for each testing condition. Methods that require a fully-specified space on input
(i.e., combination, selection, and ranking) are often trained as discriminative models,
discriminating between the positive and negative examples. If different examples are
provided, say by altering an upstream stage to produce different output thus changing

the input to the current stage, then the model should be re-trained. On the other hand,
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any method which assumes an unconstrained search space on input would not need to be
re-trained even if output from an upstream stage changes.

One aspect of pipelines that is often-overlooked is that the pipeline may differ between
train-time and test-time. Stages may be added to or removed from the pipeline between
training and testing. Stage-internal components may also be changed. For example, a
stage trained as a creation model may then be forced to take constraints on its input at
test-time, thus altering the stage to become a extension, selection, or ranking model in
testing. Note that while it is possible to change methods between training and testing, in
practice it is rarely done (Chapter 3) although this dissertation will show (Chapter 5) that
altering the search method between training and testing can have an interesting effect on
pipeline performance.

One could actually take the concept of altering the pipeline between training and
testing to the extreme, and design a pipeline where the stages were only constrained
during training and unconstrained at test-time, or vice versa. Chapter 3 discusses some
existing testing-only constrained pipelines, though pipelines that are constrained during
both training-and-testing are much more common. Training-only constrained pipelines are
extremely uncommon and may in fact be impossible in some cases: by virtue of limiting
the search space to be explored during training, is it even possible for a model to truly
explore an unconstrained space at test-time? This subject will be discussed in further

detail in Chapter 5.

2.4.2 Search Objective

Search objective is used here to refer to the “target” solution in the space, or the solution
that the stage-internal model is trained to find. The search objective is closely tied to the
search method discussed in the previous section and the evaluation metrics discussed in
Section 2.5. With combination and selection stages, the search objective is typically to
place the highest model-weight on the true solution, or, if the true solution is not included
as a candidate in the space, then on the oracle candidate (defined as the candidate closest
to the true solution according to some evaluation metric). The objective of such a search

may also be to weight candidates such that there is a large linear separation between
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the oracle candidate and the next highest-scoring candidate. With a ranking stage, the
objective is to place a higher model-weight on higher-ranking candidates (according to
the true ranking), and ideally to correctly rank all of the candidates in the space. The
most important thing to note about the search objective is that it is typically defined

stage-internally, and may not necessarily correlate to downstream objectives.

2.4.3 Thresholds and Beams

Previous sections have made the assumption that constraints placed on a system are
stage-external. However, there are also stage-internal constraints. Two such examples
are thresholding and beam search, which are popular techniques but not necessarily part
of a pipeline architecture. The goals of thresholding and beam search are to improve
the efficiency of a system or to reduce computational complexity, both of which are also
goals of the pipeline architecture. However, these techniques can be implemented within
a single-stage system, while pipeline systems were defined to have two or more stages
(Section 2.1). External constraints, on the other hand, require two or more stages, and
are the root of the pipeline architecture. Thus this dissertation will focus on understanding
and improving external constraints that define the search space rather than stage-internal

techniques to reduce search costs.

2.4.4 Complexity

The complexity of solutions output by stages in a pipeline typically increases. For example,
a linear POS-tagger will output a tag sequence to constrain a cubic context-free parser.
It is not, however, a necessary condition of a pipeline that sequential stages use models
of monotonically increasing complexity. In fact, “post-processing” is very common in
pipelines, where stages are appended to the end of a pipeline to clean up or otherwise
filter the final output; such stages are typically very low complexity. By paying attention
to the order of complexity within a pipeline, we might find an interesting pattern of
performance as related to increasing, decreasing, or varying the order of complexity in a

pipeline.
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2.5 Evaluation

2.5.1 Intrinsic vs Extrinsic Evaluations

Intrinsic evaluations are a direct measure of the quality of each stage’s output O;, and
allow for quick turnaround time in improving the accuracy of the current stage. However,
improvements at a given stage may not translate to pipeline improvement. FExtrinsic
evaluations are a measure of the accuracy of the output at the end of the pipeline, and
thus a measure of overall pipeline performance. An intrinsic evaluation of a POS-tagger
would analyze the accuracy of the output POS-tag sequence as a stand-alone evaluation,
whereas an extrinsic evaluation would analyze the effects of the tagger’s output on the
quality of a context-free parse constrained to be consistent with the POS-tag sequence.
Figure 2.7 demonstrates the intrinsic and extrinsic evaluation points in a pipeline system.

While extrinsic measures would ideally be used to improve each stage in the pipeline,
in practice it can be difficult to correlate changes in each individual stage to changes in
the pipeline-final output. Furthermore, such extrinsic evaluations can be slow and costly,
since a change at any stage must be propagated through the entire pipeline to determine
its effects. Thus, intrinsic evaluations typically serve as an approximation, with varying
degrees of effectiveness. One of the issues with using intrinsic evaluations is the the
stage-internal objective may differ greatly from an objective that would better benefit the

pipeline as a whole.

|

trinsic eval extrinsic eval

Figure 2.7: Intrinsic and extrinsic evaluation points.
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The availability of intrinsic evaluation affects the stage-internal search objective (Sec-
tion 2.4.2); without an intrinsic evaluation metric, the search algorithm cannot optimize
for the “truth” or the “oracle” candidates and must instead optimize for another objec-
tive. Most parsing pipelines include an intrinsic evaluation at each stage in the pipeline,
whereas early stages of translation pipelines do not (see Chapter 3 for examples and fur-
ther discussion). The use of intrinsic evaluations can be either beneficial or detrimental

to pipeline performance, as will be shown in Chapter 6.

2.5.2 Error Types

This dissertation will aim to address two different type of errors in pipeline systems. The
first we will term search errors, where there exists a higher-scoring candidate (according
to the model), which has been excluded from the search space. This type of error is often
called a “cascading error,” which occurs when the output of one stage in the pipeline is
erroneous and removes the correct solution from the search space and thus from consider-
ation. The notion of cascading errors is often used in arguments against the utility of the
pipeline architecture. However, there is another type of error as well, which we will term
model errors, where the highest-scoring candidate (according to the model) is not the best
candidate. NLP models are imperfect, resulting in model errors. Interestingly, the same
framework that causes search errors can also resolve (or work around) model errors, as we
will demonstrate in Chapter 4.

Typical pipeline systems do not include mechanisms for later stages in the pipeline to
recover from mistakes made earlier in the pipeline (although recall our discussion about
feedback pipelines in Section 2.3.2). Interestingly, the origin of several different methods
for improving pipeline performance, outlined earlier in this chapter, can be traced to
methods for addressing this problem of search errors. This section will briefly discuss
these methods, highlighting the relevance to preceding sections.

The most common method is to increase the size of the search space. Increasing
the size of a fully-specified space (Section 2.2.2) can be achieved by simply increasing
the number of candidate solutions in the enumerated solution set. An under-specified

space (Section 2.2.1) can be enlarged by imposing fewer constraints on it; either removing
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elements from the constraint set, or allowing disjunction in the set of constraints such
that an acceptable solution must satisfy one, but not necessarily all, of the constraints in
the set [121]. As an example, take the set of POS sequences in Figure 2.1 (p. 20). This
set might be used to represent a complete-solution search space, in which case adding
another POS sequence to the set would be a straightforward way to increase the size of
the search space. These sequences could also be a disjoint set of constraints on the space
of parse solutions, such that an acceptable parse would be one that contained the POS
tags represented by any of the ten sequences in the constraint set. Although the problem
of search errors can be alleviated by increasing the size of the search space, a larger search
space can decrease the efficiency of a pipeline as well as causing other problems in the
pipeline, as will be discussed in Section 6.1.2.

A second method is to move from using hard constraints to using soft constraints
(Section 2.2.3), in which case no additional solution will be removed from consideration
and thus there will be no search errors, though often at the cost of efficiency. To continue
the example from above, an enumerated set of POS sequences could be used to indicate
a preference for parses containing such sequences without explicitly disallowing parses
containing different POS sequences.

The third method is to move away from the pipeline architecture entirely, and create
a joint model by combining two or more pipeline stages into one all-encompassing model.
Such a move will obviously remove the problem of search errors caused by upstream
constraints but, again, at the cost of decreased efficiency. This third method is mentioned
in order to acknowledge the fact that, for some applications, the accuracy benefit of a joint-
conditional model outweighs the cost in efficiency, but will not be addressed in further
detail in this dissertation since such systems are not pipelines and are therefore outside
the scope of this research.

Identifying the presence of search errors is typically based on a hybrid of intrinsic and
extrinsic evaluation. Search errors are identified based on mid-pipeline intrinsic evalua-
tions, regardless of whether correcting the error would result in downstream (extrinsic)
improvements. We will demonstrate in Chapter 4 (p. 113) another way to identify such

search errors. Another point for consideration is that recent research has indicated that
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optimizing for a downstream oracle is a more attainable objective, thus lessening the need
to correct for search errors. Chapter 6 will examine the effectiveness of alternate objective

functions such as this for downstream performance.

2.6 Summary

In this chapter we defined a formal framework of pipeline systems, with four main elements:
message passing, constraint representation, stage-internal attributes, and pipeline evalua-
tion. In Section 2.3 we discussed three methods of passing messages in a pipeline, namely
feed-forward, feedback, and iteration. We also discussed different sources of the messages,
including single-source versus multi-source, sampling across a pipeline, and external ma-
nipulation of the messages. Chapter 3 (p. 74) will classify many existing implementations
of pipeline systems based on the message-passing methods and sources of the pipeline.
Chapter 4 will examine in detail our own implementation of an iterated parsing pipeline,
along with the effects of iteration on pipeline performance.

In discussing the different types of constraint representations in Section 2.2, we exam-
ined the difference between partial-solution constraints and complete-solution constraints.
Example pipelines using partial-solution constraints and complete-solution constraints will
be given in Chapter 3 (p. 75). We also compared hard and soft constraints, and determined
that focusing on hard constraints in this dissertation would allow us to more clearly see
the effects of constraints on pipeline performance. Chapters 6 and 7 will analyze different
characteristics of a search space defined by hard constraints. Since hard constraints are
typically combined with soft constraints, Chapter 8 will demonstrate some of the effects
of layering soft-constraint preferences over hard constraint—defined search spaces.

In Section 2.4 we discussed a number of different stage-internal attributes, including
the search method and objective at each stage of a pipeline. Chapter 3 (p. 74) will provide
a number of examples of pipeline systems that include some of the five different types of
stages in pipeline systems: creation, extension, combination, selection, and ranking stages.
Chapter 5 will discuss and dissect a number of assumptions about models in pipeline stages,

and Chapter 7 will examine a few different methods for generating constraints in order to
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determine the effects of constraint characteristics on pipeline performance.

Finally, we discussed pipeline evaluation in Section 2.5. We illustrated the difference
between intrinsic and extrinsic evaluations, and defined two different types of errors of
interest in pipeline systems: search errors and model errors. Chapter 4 (p. 113) will
discuss ways in which to identify the two different error types, what causes the errors, and
a few ways to recover from them.

These four elements of message-passing, constraint representation, stage types, and
pipeline evaluation provide the structure of our formal framework. The next chapter will
use this framework to classify a large set of existing pipelines from parsing to machine
translation to automatic speech recognition to image segmentation. This large-scale clas-
sification will serve as a benchmark for future researchers to classify their pipeline systems,
as well as to assist them in determining the best type of pipeline system for their research

problem.



Chapter 3

Background and Preliminaries

This chapter will begin with two extensive sections on notation, in order to establish a
common notation for discussing the models and algorithms referenced frequently through-
out this dissertation. These sections will define finite-state machines, context-free lan-
guages, Markov and log-linear models, as well as defining algorithms such as the Forward-
Backward, Viterbi, CYK, and Inside-Outside algorithms.

Following these sections, we will present background information for the application
areas of tagging, parsing, language modeling, automatic speech recognition (ASR), ma-
chine translation (MT), and image classification. We will examine pipeline systems from
all of these application areas, to compare and contrast the different classes of pipelines
implemented in these different areas to discover (a) generalizable techniques that are suc-
cessful cross-application, and (b) novel pipeline implementations from one application area
that might prove beneficial for other areas. Thus the application overview will provide a
foundation for discussing pipelines from each of these areas.

The second half of the chapter will analyze a wide range of pipelines systems from
these different application areas, and will classify each system according to our pipeline
framework. Comparing and classifying pipelines from different applications will allow us to
validate and improve upon our pipeline framework as patterns emerge in constraint repre-
sentation, search algorithms implemented at various stages in a pipeline, and the objective
measures and evaluations performed on a pipeline system. We will also see that despite
being implemented for widely varying application areas, each with different objectives,

data, and methods, many pipelines in these areas share underlying commonalities.

38
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The chapter will conclude with detailed system descriptions of the implemented pipelines

used for empirical trials throughout this dissertation.

3.1 Model Notation

In this section and the following (Section 3.2), we concisely introduce formal notation
to discuss the models and algorithms commonly used in pipeline systems and referenced
frequently throughout the dissertation. Much of the notation is borrowed from Roark and
Sproat [187], and readers are referred there for details beyond what will be covered in

these sections.

3.1.1 Finite-State Machines

A finite-state automaton (FSA), is a model composed of a finite number of states, transi-
tions between those states, and actions. Formally, a finite-state automaton is a quintuple
M = (Q,s, F,X,§) where @ is a finite set of states, s is a designated initial state, F' is
a designated set of final states, X is an alphabet of symbols, and ¢ is a transition rela-
tion from a state-and-symbol pair in @ x (X Ue€) at the origin of the transition, to the
destination state in Q.

A string in the language of the automaton is matched against the automaton as follows:
starting in the initial state s, consume a symbol of the input string and match it against
a transition leaving the current state. If a match is found, move to the destination state
of the transition, and match the next symbol on the input with a transition leaving that
state. If a final state f € F' can be reached with all symbols of the input consumed, then

the string is in the language of the automaton; otherwise it is not.

Finite-State Transducers (FSTs)

Analogous to finite-state automata are finite-state transducers (FSTs): whereas automata
consume symbols on input to indicate an accept or reject state, transducers consume sym-

bols on input and also produce symbols on output. With a transducer, an input string
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matches against the input symbols on the arcs, and at the same time the transducer out-

puts the corresponding output symbols. Formally, a finite-state transducer!

is a quintuple
M = (Q,s, F,%; x ¥;,0) where @ is a finite set of states, s is a designated initial state, F’
is a designated set of final states, ¥; is an alphabet of input symbols, 3J; is an alphabet
of output symbols, and § is a transition relation from @ x (3; Ue x ¥; Ue) to Q.

FSTs are used to determine if an input string is in the domain of the relation, and
if it is, computes the corresponding string, or set of strings, that are in the range of the
relation. Composition of FSTs, denoted o, is to be understood in the sense of function
composition. If g and f are two regular relations and z a string, then [fog|(x) = g(f(x)).
In other words, the output of the composition of g and f on a string x is the output that
would be obtained by first applying f to x and then applying g to the output of that
first operation. We discussed in Section 2.3.1 that a feed-forward pipeline is equivalent to
the composition of each of its stages, where each stage in the pipeline corresponds to a
function in the composition: g(f(x)), or (g o f)(x). Thus the composition of finite-state
transducers is equivalent to a pipeline system; later in this chapter we will discuss several

applications in speech and language processing of composed FSTs.

Weighted Finite-State Automata (WFSAs) and Transducers (WFSTSs)

Finite-state automata and transducers can be extended to include weights or costs on
the arcs. Such machines are termed weighted finite-state automata (WFSA) and weighted
finite-state transducers (WFST). Formally, a weighted finite-state automaton is an octuple
A=(Q,s,F,X,0,\ 0,p), where (Q, s, F,3,0) is a finite-state automaton; an initial output
function \: s — K assigns a weight to entering the automaton; an output function o:
0 — K assigns a weight to transitions in the automaton; and a final output function p:
F — K assigns a weight to leaving the automaton. Every transition d € § will have a label
t[d] € (X Ue), an origin stage bld] € @, and a destination state e[d] € Q. A path through
the automaton then consists of k transitions di,...,d; € J, where e[d;] = b[dj41] for all

J, i.e., the destination state of transition d; is the origin state of transition d;y;. We will

'For simplicity here we assume a two-way FST.



41

discuss the notion of paths again in Chapter 7 (Section 7.2.3).
Weighted finite-state transducers (WFSTs) are an obvious extension of finite-state
transducers (FSTs) and weighted finite-state automata (WFSAs), where each transition

relation d € ¢ is associated with a weight.

Semirings

In weighting automata and transducers, we must also provide an interpretation of those
weights to specify both how weights are to be combined along a path as well as how
weights are to be combined between paths. If we had two identical paths in an automaton
(with the same symbols on the arc labels of the paths), and we wanted to collapse those
paths into a single path, then in order to ensure proper normalization, the weights of
the two paths will be added together. Different kinds of weights—e.g., logs, probabilities,
scores and costs—will have different ways of combining the weights along the path and
between paths. Semirings provide a useful way to summarize the different interpretations
of weights.

A semiring is a triple (K, ®,®), where K is a set and @ and ® are binary operations
on K where: (K, ®) is an additive operator (with 0 as its neutral element); (K, ®) is a
product operator (with 1 as its neutral element); the product ® distributes with respect
to the sum @, ie.,a® (b®c) = (a®b) @ (a®c);and forallain K, a®0=0®a =0.
When one extends a path in a weighted automaton, the resulting cost is calculated using
the semiring & operator; the cost of combining two paths via intersection is calculated by
using the semiring ® operator. Common semirings used in NLP are the ‘real’ semiring
(4, %), and the ‘tropical’ semiring (min, +). The (+, x) semiring is appropriate for use
with probability scores: the probability of a path is obtained by multiplying along the path,
and the probability of a set of paths is obtained by summing the probabilities of those
paths. The (min, +) semiring is appropriate for use with negative log probability scores:
weights along a path are summed, and the minimum of a set of paths is calculated, which
can be used to determine the best scoring path in a weighted automaton, since lower scores

are better with negative logs.



42

3.1.2 Context-Free Languages

The finite-state models described in the previous sections are insufficient to model some
of the syntactic dependencies in natural language. We can use context-free grammars to
encode some of these more-complex dependencies in natural language if we are willing to
incur a significant efficiency cost, moving from the O(n) complexity of finite-state inference
algorithms to O(n3) complexity.

A context-free grammar (CFG) is defined as a quadruple, G = (V, T, P, ST), consisting
of a set of non-terminal symbols V, a set of terminal symbols T, a start symbol ST € V,
and a set of rule productions P of the foorm A — «, where A € Vanda € (V U T)*.
Commonly used non-terminal symbols include NP (noun phrase), VP (verb phrase), and
S (sentence); the latter is often specified as the start symbol ST for a CFG. Terminal
symbols are typically words (a, prices, rise, the, trading, ...). The set of nonterminals
which expand to terminals (i.e., v € V : (v — w) where w € T) are called pre-terminals,
and typically consist of part-of-speech tags. An example rule production is S — NP VP,
which encodes the rule that an S non-terminal can consist of an NP non-terminal followed
by a VP non-terminal. A CFG G defines the set of terminal (word) strings that can be
derived from the start symbol: {a | a € T* and ST = a}, where one step in a derivation =
is defined as a rewrites relation between symbols on the left-hand side of the derivation
rule and symbols on the right-hand side of the derivation. Given a CFG, we can define

such a relation between sequences of terminals and non-terminals:
BAvy = Bay for any g,y (VUT)*if A— a € P. (3.1)

These rewrites can take place in sequence, with the right-hand side of one rewrite in turn
rewriting to something else. We let ~ LY [ denote a sequence of k rewrite relations, with
~ on the left-hand side of the first relation, and 3 on the right-hand side of the last. We

use v = 3 to signify that ~ LY 0 for some k > 0, and thus a sequence v derives a sequence

Bif vy = 6.
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Probabilistic Context-Free Grammars (PCFGs)

A weighted CFG G = (V,T,S', P,p) is a CFG plus a mapping p : P — R from rule
productions to real valued weights. A probabilistic context-free grammar (PCFG) is a
weighted CFG with a probability assigned to each rule production in P, and defines a
distribution over all strings that can be produced by the grammar. Given the context-free
nature of these grammars, the probability distribution over a grammar can be described as
a set of conditional probability distributions, where the left-hand side of a rule production

is the conditioning context. Thus the probability of each production in the grammar is
P(A — a) = P(a|A) (3.2)

where the weight of each production in the grammar is defined such that for any non-
terminal A € V:
Z p(A—a) = 1 (3.3)
A—a€eP

in order to ensure proper normalization.

Chomsky Normal Form (CNF)

Certain forms of CFGs have beneficial computational properties, and transforming a given
CFG G to a weakly equivalent CFG G’ in a particular form with those properties can be
essential for certain uses of the grammar (as we will see in Section 3.2.4). Two grammars
G and G’ are weakly equivalent if the language defined by G is equivalent to the language
defined by G’; the grammars strongly equivalent if, ignoring any differences in the non-
terminal labels V', they derive the same parse trees for any given string.

One widely used form of CFGs is the Chomsky normal form (CNF), and every CFG
G has a weakly equivalent grammar G’ in Chomsky normal form. A CFG is in CNF if
all productions are of the form A — B C or A — w for A,B,C € Vandw € T. In
other words, a CFG is in CNF if the only productions that are not binary have a single
terminal item on the right-hand side, and terminals are only on the right-hand side of
unary rules. Some of the algorithms we discuss in Section 3.2 require grammars to be in

Chomsky Normal Form.
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3.1.3 Hidden Markov Models (HMMs)

A hidden Markov model (HMM) is a special-case WFST: a statistical model in which the
system being modeled is assumed to be a Markov process with unobserved states. In such a
model, while the state is not directly visible, output dependent on the state is visible. The
states of an HMM emit the observations according to some probability distribution, thus
the output sequence generated by an HMM gives some information about the (hidden)
sequence of states. In an HMM, each state 7; represents a random variable at time ¢ that
can adopt any of a number of values; the conditional probability distribution of 7;, given
the values of the hidden variable 7 at all times, depends only on the value of the hidden
variable 7;,_1; the values at time ¢ — 2 and before have no influence. This is called the
Markov property. Similarly, the value of the observed variable w; only depends on the
value of the hidden variable ;.

Given the parameters of an HMM model and a particular output sequence wy ... wg,
we can calculate the probability of observing that sequence as follows (under a Markov-1
assumption):

k
Plwy...wg) = Y (H P(7|7i—1) P(wim)) (3.4)
m.mpeTk \i=1
where 7 is the set of possible output states; P(7;|7;—1) is the transition probability from
state 7,1 to state 7;; P(w;|7;) is the observation probability, or the probability of gener-
ating the observation w; given state 7;. We can also find the state sequence most likely to
have generated the output sequence:

T...T, = argmax P(7...7g|wy...wg) (3.5)
7. TLETk

P(wy...wglm...1) P(m1 ... 7k)

= argmax using Bayes rule (3.6)
T1,..‘I’]€€7-IC P(wl e U)k)
k
= argmax H P(ri|m .. 7im1) Plwi|m ..oy wy o wiq) (3.7)

1. TR€TR

k
argmax H P(7i|Ti—1) P(w;|mi). (3.8)

T1...Tk6Tk i=1

%

We can also derive the maximum likelihood estimate of the parameters of the HMM
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given a dataset of output sequences. Performing these calculations in a brute force man-
ner is computationally intractable because they require either summing over all possible
state sequences or finding the maximum over all possible state sequences. However, these
computations can be performed efficiently using dynamic programming, as discussed in

Section 3.2.

3.1.4 Conditional Markov Models

Conditional Markov models provide an alternative to HMMs, where the HMM transi-
tion probability P(7;|7;—1) and observation probability P(wj;|r;) are replaced by a single
probability function:

P(7i|Tiz1, w;) (3.9)

of the current state 7; given the previous state 7;,_1 and the current observation w;. In these
models, the observations are given and thus only the probability of the state sequence they
induce is calculated. Conditional Markov models move away from the generative, joint
probability parameterization of HMMs to a conditional model that represents the proba-
bility of reaching a state given an observation and the previous state. These conditional
probabilities are typically specified by exponential models based on arbitrary observation
features.

An exponential model for a sequence of words and tags wT = w7y ... w7 has the

form:
P(wr) = eXp‘;’E;Vf))'O_‘) = exp@igéﬁ;w%) (3.10)

where ¢; is an n-dimensional vector encoding the features derived from the sequence wT;
each feature has a corresponding parameter weight ;. The denominator Z simply ensures

normalization:

Z(T*) = ) > exp (Z@-(WT)%) (3.11)
=1

wex* TGT‘W‘

where TVl is the set of tag sequences of length |w|.
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If instead of a joint model we use a conditional model, only the normalization changes

and the equations become:

exp(_izy Pi(wr)ai)
Z(w)

P(T | w) (3.12)

with the normalization constant

Z(w) = Z exp(Zqﬁi(WT)ai) (3.13)

Taking the log of these probabilities gives:
logP(T|w) = Y ¢i(wr)a; —log Z(w) (3.14)
i=1

which is essentially the linear combination of weighted features, discussed in the next

section.

3.1.5 Log-Linear Models

Log-linear models associate arbitrary observation features with parameter weights. The
benefit of these models over HMMs is that arbitrary, mutually dependent features can be
used in the model, and are not limited by the conditional independence assumptions in
the HMM model structure, but rather by the computational complexity of the log-linear
model’s structure. Log-linear models have been applied to POS-tagging [173, 65|, shallow
parsing [137], context-free parsing (and beyond) [174, 58], language modeling [9, 186, 192],
and a range of reranking tasks [65, 44, 116, 199].

In a log-linear model, real-valued observation features are extracted from a solution
candidate and stored in an n-dimensional vector of feature values ®. The candidate is
assigned a score by taking the dot product of ® with the corresponding feature weight
vector @. For finite-state models, the features typically remain quite similar to the HMM
features, including tag-tag and tag-word pairs. However, more complicated feature types
can be used, for example, the previous tag and word. Log-linear models are typically
described as including features of a particular type or template, such tag-word pairs, but

the templates are instantiated with very specific patterns such as: “the word prices with
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tag NNS followed by the word rose tagged with VBD,” or “the word light tagged with JJ
followed by an unknown word ending in -ing tagged with VBG.”

There are various parameter estimation methods to estimate the weights «; for some
optimization objective; Gao et al. [93] present a comprehensive study of parameter esti-

mation methods. Two such methods are defined in the next two sections.

Perceptron Algorithm

We follow Collins [65] in defining a perceptron algorithm for Markov models. Intuitively,
the perceptron algorithm iteratively selects the best-scoring candidate (according to the
current model parameterizations), then decreases that candidate’s scores by penalizing its
features and rewarding the features of the true reference candidate. The algorithm as-
sumes: supervised training examples (x,y) where x is the input and y is the true output;
a function GEN which enumerates a set of solution candidates for an input x; a represen-
tation function ® which maps each (z,y) € X x ) to a feature vector ®(z,y) € R?; and
a parameter vector @ € R? to store the learned weights of each feature.

Since only the best-scoring candidate z is evaluated for the perceptron algorithm, we
can rewrite Equation 3.14 without the normalization and call it a weight (W) instead of

a log probability:

n

Wi(r|w) = ) éi(wr)a (3.15)

i=1
where a! denotes the feature-weight vector «; after ¢ updates. The perceptron algorithm
initializes all ¥ as 0. For each input (z,y) in the training set, the perceptron algorithm
generates a possible solution z=GEN(x) for the input x, then penalizes the features of the
generated solution z and rewards the features of the true solution y by incrementing or

decrementing (as appropriate) the parameter values in & that correspond to the z and y

t

features. Thus after every training example, the parameters o} are updated:

af = o+ diy) — dil(2). (3.16)

The basic algorithm updates after each sentence for some number of iterations through the

training corpus. Collins [65] presents more details on this approach, as well as empirical
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evidence on POS tagging and NP-chunking that the perceptron improved over results
using a MaxEnt tagger. Our CSLUt tagger [109, 110], used extensively throughout this

dissertation and discussed in detail in Section 3.10.1, is a perceptron model.

MaxEnt Models

Mazimum Entropy (MaxEnt) models are log-linear models estimated using general numer-
ical optimization techniques to match the expected frequency of features with the actual
frequency of features. The expected frequencies of features are estimated using techniques
similar to the Forward-Backward algorithm which will be presented in Section 3.2.3. In
a simple MaxEnt model, each tagging decision is modeled as a separate classification
problem:

k

logP(T|w) = > logP(r;|wti...t;1). (3.17)
Jj=1

Under a Markov order-1 assumption, the classification calculation becomes:

n

IOgP(Tj ‘ th .. .tj_1> = Z (ﬁi(WTj_lTj)Ozi — log Z(W, Tj_l). (3.18)
=1

Ratnaparkhi [173] presented a MaxEnt POS-tagger, which is still a widely used, compet-
itive tagger, and the state-of-the-art Charniak [41] parser is a “MaxEnt-inspired” model.
Furthermore, the reranking stage of the Charniak and Johnson [44] parsing pipeline, used
extensively throughout this dissertation and described in detail in Section 3.10.2, is based

on a MaxEnt model.

Overfitting

One problem with log-linear models is that the models, if allowed to train until they
converge, will “memorize” the training data and be unable to generalize to new data; this is
called overfitting. For the perceptron algorithm, techniques known as voting or averaging
are used to avoid overfitting. Collins [65] showed that using an averaged perceptron
provided improved results; any references to a perceptron model in the remainder of this

dissertation may be assumed to mean an averaged perceptron model. For the MaxEnt
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technique, the most common technique to avoid overfitting is called reqularization, which

associates a penalty with moving the parameter weights away from zero.

3.2 Algorithmic Notation

In this section we introduce notation for a number of dynamic programming algorithms
used extensively throughout this dissertation and in NLP. Dynamic programming is a
general method for finding globally optimal solutions by solving a sequence of subproblems,
and in particular here we are referring to top-down dynamic programming, in which the
results of certain calculations are stored and re-used later because the same calculation is a
sub-problem in a larger calculation. In scenarios where one is searching from among a very
large (exponential) set of solutions, dynamic programming can make the search tractable
by taking much less time than naive search methods. We will see dynamic programming

techniques in many NLP applications, including Viterbi decoding and chart parsing.

3.2.1 Forward Algorithm

The Forward algorithm is used to efficiently calculate the sum over many distinct state
sequences, taking advantage of the Markov property of HMMs to share sub-calculations
needed for the summation. For a word sequence w; ... wg, a tagset 7 = {7; : 1 <1i < m},
and a vocabulary ¥ = {v; : 1 <1 < n}, let us define Cy as the random variable of the
class associated with word w; for a time index ¢ in the sequence wj ...wy. The random

variable C; can take as its value any of the tags from 7. Let a;; be defined as follows
ajj = P(Ct:Tj | Ci_1 :Ti) for Tis Tj 67,1 <t<k (319)

i.e., the probability that the class for word wy is 7; given that the class for word w;_1 is 7;.
For example, if 7; = JJ (adjective) and 7; = NN (noun), then a;; is the probability of the
tag NN labeling a word immediately following a word labeled with tag JJ. We will denote

by a.. the set of all a;; transition probabilities for a particular tagset 7. For simplicity,
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let ag; and a;o be defined as follows:2

ag; = P(Cl =Tj ‘ Co = <S>)

a;o = P(Ck_H = </S> ‘ Cr = Ti)

where <s> and < /s> are special symbols that only occur at the beginning and end of the

sequences, respectively. Next, let bj(w;) be defined as:
bj(w)) = Plw | Cp=1y) for wyeX, €T, 1<t<k (3.20)

such that if wy = “light” and 7; = JJ, then b;(w;) is the probability of the word “light”
given that the word is in the POS-tag class JJ.> We will denote by b.(.) the set of all
b;(wy) transition probabilities for a particular tagset 7 and vocabulary X.

We can now define a recursive value «;(t), known as the forward probability, which is
the probability of seeing the initial observed sequence wy ... w; with tag 7; at time ¢. Let
ap(0) = 1. Then for t > 1, ap(t) = 0 and for j > 0:

7]

aj(t) = bi(wy) [ Y et —ag | . (3.21)
=0

Figure 3.1 presents an efficient algorithm for calculating the probability of an input string,
given an HMM POS-tagging model, by calculating the sum over all possible tag sequences
using this definition of the forward probability. Again a.. and b.(.) in the input represent
the given probability models.

The Forward algorithm can be applied regardless of the order of the Markov assumption
placed on the HMM by encoding the appropriate amount of history in to the state space;
for example, creating composite tags to encode the class of the current word as well as
the previous n—1 classes, where n is the Markov order. Then, instead of 7;, we would
have 7j,. ., where 7; is the tag of the current word in the original tagset. Then the
Forward algorithm, as well as the Viterbi and the Forward-Backward algorithms that will

be presented in the next two sections, can be used for Markov models of arbitrary order.

2In the presentation of these algorithms, we do not assume that wy is </s> in a sequence w; . .. wk.
3Note that bj(w:) = bj(vi) if wy = w4, so there are two possible indices that we can use for words in
the vocabulary, but to avoid complicating notation, we will usually use the time index ws.
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FORWARD(w; ... wg, T, a.-, b.(.))

1 ap(0) — 1
2 for t = 1tokdo
3 for j = 1to|7]| do
T
4 0(t) — by(wr) (SZh it = Dayy)
5

return E‘i‘l a;(k)aio

Figure 3.1: Pseudocode of the Forward algorithm for an HMM POS tagger.

3.2.2 Viterbi Algorithm

The Viterbi algorithm is a dynamic programming algorithm originally used to efficiently
determine the most likely sequence of hidden states for a sequence of observed events given
an HMM model; it has also been used with other models. The algorithm assumes that
both the observed events and hidden states are in a sequence, that these two sequences
are aligned such that an instance of an observed event corresponds to exactly one instance
of a hidden state, and computing the most likely hidden sequence up to the point ¢ must
depend only on the observed event at point ¢t and the most likely sequence at point t—1
(the Markov assumption).

The Viterbi algorithm is very similar to the Forward algorithm discussed in the pre-
vious section. The definitions of a;; and bj(w;) are identical, but a;(t) is re-defined as

follows. Let ap(0) = 1. Fort > 1, ap(t) = 0 and for j > 0:

aj(t) = bi(wr) (maxZy (ai(t — 1ayy)) (3.22)

The only change from Equation 3.21 is to replace the summation with a max, i.e., instead
of summing across all possible previous classes, we take just the highest score. The second
difference from the Forward algorithm is that in addition to calculating this recursive
score, we need to keep track of where the max came from, in order to re-construct the
maximum likelihood path at the end. This is called a backpointer, since it points back
from each state in the sequence to the state at the previous time-step that provided the
maximum score. We define (j(t) to denote the backpointer for tag j at time ¢. Then the

Viterbi algorithm is shown in Figure 3.2.
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VITERBI(w; ... wg, T, a-., b.(.))

ao(O) —1
for t = 1to kdo
for j = 1to|7]do
Gj(t) < argmax; (s (t — 1)ai;)
aj(t) < max; (o5 (t — 1)aij) bj(w)
Co(k + 1) «— argmax;(a;(k)aio)
plk+1) <0
for t = ktoldo > traceback with backpointers
p(t) — Cpuany(t+1)
10 Ct — Tyt
11 return C’l .. C’k

© 00 O T i W N

Figure 3.2: Pseudocode of the Viterbi algorithm for HMM decoding.

The perceptron models presented in Section 3.1.5 (p. 47) use a Viterbi-like algorithm;
in contrast, the MaxEnt models (Section 3.1.5, p. 48) make use of an algorithm very

similar to the Forward-Backward algorithm presented in the next section.

3.2.3 Forward-Backward Algorithm

The Forward-Backward algorithm uses the Forward algorithm defined in Section 3.2.1 to
perform a forward pass over the input string, then performs a backward pass—in the
other direction—to calculate the backward probability. The a;; and b;(w;) definitions for
the Forward-Backward algorithm remain the same as for the Forward algorithm, as does
the definition of the forward probability a;(t) (which uses the sum, not the max of the
Viterbi algorithm). Let us now define another recursive value (3;(t) as follows. Given a
word string wy ... wg, let G;(k) = a0. For 0 <t < k:

7]

Bit) = > Bi(t+ Daijbj(wesr). (3.23)

j=1
The forward probability «;(t) is the probability of seeing the initial sequence wy . .. w; with
tag 7; at time t, whereas the backward probability 3;(t) is the probability of seeing the

remaining sequence w41 ... wy given tag 7; at time ¢t. Note that because f;(t) depends
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on f;(t+ 1), therefore calculation of the backward probability is performed from right-to-
left (as compared to the calculation of the forward probability which is performed from
left-to-right).

The product of the forward and backward probabilities, «;(t);(t), is the probability of
seeing the entire sequence w; ... wy with tag 7; at time ¢. From this product we calculate

vi(t), the posterior probability of tag 7; at time ¢ given the entire string w; . .. wg:

(D)5 (1)
i(t) = : (3.24)
! ST s (1))

The value 7;(t) is equivalent to the sum of the probabilities of all tag sequences with tag

7; at time ¢. In addition, we can calculate ;;(t), the probability of tag 7; at time ¢ and

tag 7; at time ¢ + 1 given the entire string w; ... wy:

a;(t)aijb;(wey1)B;(t + 1)
&ij(t) = ) 3.25
g ﬂ 25‘11 ay(t)apmbm (Wi1) B (t + 1) (3.25)

Bilmes [21] provides a detailed derivation of these values.

The values of v and £ are used in the FORWARD-BACKWARD algorithm, shown in
Figure 3.3, as an alternative approach for decoding an input sequence of observations. The
first part of the FORWARD-BACKWARD algorithm is identical to the FORWARD algorithm
presented in Figure 3.1. During the backward pass, once the backward probabilities have
been calculated for all tags at time ¢, we can also calculate the 7.(t) and &..(t) values.
(Note that a special case must be made for time k when calculating £..(k).) Once the
posterior probabilities 7. (.) have been calculated, we can then select the tag at each time
step with the maximum v value at that time. In some cases, the output state sequence
returned by the Forward-Backward algorithm will differ from the state sequence returned
by the Viterbi algorithm, and relatively large improvements in accuracy can be obtained
using such techniques instead of Viterbi decoding.

Note that these algorithms, which are presented here for use with HMMs (Section 3.1.3),

can also be used with conditional Markov models (Section 3.1.4).
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FORWARD-BACKWARD(w; ... wg, 7, a-., b.(.))
1 ap(0) —1
2 for t = 1tok do > Forward pass
3 for j = 1to|7]| do
T

: ()  by(wn) (L) cilt — Day)
5 for t = ktoldo > Backward pass
6 for i = 1to|7]| do
7 if t <k
8 then fi(t) — 3T 05(t + Dagjbj(wi1)
9 else (;(t) «— ajo
10 for i« = 1to|7]| do
11 i t Oéi(t)ﬁi(t)

ilt) = S o
12 if t <k
13 then fi()(t) —0
14 for j = 1to|7|do

ai(t)aijb;(wit1)p;(t+1)
15 i t J7J J
&i(t) < 2 () aribi (wer)Bi(t+1)

16 else &(t) «— (1)
17 for j = 1to |T|d0
18 &ij(t)
19 return (v-(.),&.-(+))

Figure 3.3: Pseudocode of the Forward-Backward algorithm for HMMs.

3.2.4 CYK Parsing Algorithm

The Cocke-Younger-Kasami (CYK) algorithm [61, 122, 217] is a dynamic programming
algorithm used to find in O(n?) the maximum likelihood parse given a particular PCFG.
As with other dynamic programming algorithms, CYK parsing relies upon being able
to break down the optimal solution into independent optimal sub-solutions. Dynamic
programming can be used to find the maximum likelihood parse given a PCFG because
in a PCFG, the probability of the children (on the right-hand side of a rule production) is
conditioned only on the category of the parent (on the left-hand side of a rule production).
Thus, if the maximum likelihood parse for the string contains an NP node over the first
three words of the sentence, that NP must be the maximum likelihood constituent of all
possible ways of constructing an NP over those words.

CYK parsing operates over a two-dimensional table, commonly referred to as a chart



95

span:

6 S

5

4 VP

3 PP

2 NP NP

1 NN NNS VBD IN JJ NN
Stock prices rose in light trading

Figure 3.4: A parse represented in chart form, for CYK parsing.

[123]. Figure 3.4 shows the parse tree from Figure 1.2(c) (p. 5) as it would be represented
in a chart. Each entry in the chart is a labeled bracket. Each parse constituent—or
node in a parse tree—can be uniquely identified as a set of labeled brackets. Labeled
brackets consist of three parts: the label, start-position, and span of the bracket. The
start-position is based on word (terminal) indices, and the span of a node represents the
number of words covered by the node. The S node from Figure 1.2 would be written as
(S,1,6), with ‘S’ as its label, starting at the first word, with a span of 6. Labeled brackets
are used extensively for CYK parsing, and for many other parsing algorithms including
parse evaluation (discussed in Section 3.3.2, p. 65), to represent a parse tree.

To parse an input sentence given a PCFG in Chomsky normal form (CNF),* the CYK
algorithm constructs a chart, such as that shown in Figure 3.4. The bottom layer of the
chart represents nodes with a span of 1; higher layers represent nodes of greater spans.
The cells of the chart represent unique start and end node locations; a cell may contain
many nodes with the same span but with different labels. Cells in the chart are typically
visited in a left-to-right, bottom-up order, guaranteeing that all smaller spans are visited
prior to visiting larger spans. Each entry in a cell is a labeled bracket with “backpointers”
to the node’s children, which can be used recursively to build the entire subtree covered by

the chart entry. Entries in the top cell represent parse trees that cover the entire sentence;

4Recall from Section 3.1.2, p. 43, that a grammar is in CNF if each of the rule productions in P are
either of the form A — BC or A — a where {A, B,C} € V and a € T. Any context-free grammar may be
transformed to a weakly equivalent grammar in CNF.
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CYK(w; ... w,, G=(V,T,ST,P,p)) > PCFG G must be in CNF
1 s« 1 > scan in words/POS-tags (span=1)
2 for t = 1tondo
3 r—t-1
4 for j = 1to|V|do
5 aj(z,s) — bj(wy)
6 for s = 2tondo > all spans > 1
7 for © = 0ton—sdo
8 for i = 1to|V]|do
9 Gl 8) — argmax,, ;, aiog (#,m — 2o (m, 5 — m + )

10 a;i(z,s) «— maxp, ji ajjrej(x, m — x)og(m,s —m + x)

Figure 3.5: Pseudocode of the CYK algorithm.

the entry in the top cell with the label ST and the highest probability represents the “best”
(highest-probability) parse for the sentence.

To describe the CYK algorithm, we adopt notation similar to what was used for
the Viterbi algorithm in Section 3.2.2. For non-terminals A;A;A; € V, let a;, =
P(A; — A; Ay), which is analogous to the transition probabilities in the Viterbi algo-
rithm. Let b;j(w;) = P(A; — w;), analogous to the Viterbi observation probabilities. For
each non-terminal in each cell we can store just a probability and a backpointer; we let
a;i(z,s) denote the probability for non-terminal ¢ with start index z and span s; and
Ci(z, s) denote the backpointer to the children of the non-terminal.

The CYK algorithm is shown in Figure 3.5. Note that this algorithm is very similar to
the Viterbi algorithm in Figure 3.2, except that the dynamic programming is performed
over chart cells rather than word positions. Second, the argmax in line 9 of the algorithm
involves a search over all possible mid-points m, which ranges from x+1 to x+s—1, for a
total of s—1 points. Thus there are three nested loops (s, z,m) that depend on the length
of the string n; therefore this algorithm has a worst case complexity of O(n?).

In the first part of the CYK algorithm, we scan the POS-tags into the bottom row
of the chart. We then process each row, from bottom to top, typically in a left-to-right
manner, i.e., from starting index 1 to the last possible starting index for that particular

span. At each cell we try each possible midpoint, which define the lower-level cells to
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be used as the children of a new parse constituent in the current cell. We scan through
all possible combinations of children to find a two children that occur together on the
right-hand side of a production in the input PCFG grammar. In such a way, all the cells
in the chart are filled. To improve efficiency, only one entry per non-terminal category is
kept in any given cell of the chart, and that is the entry with the highest-probability of
all other non-terminals of the same category. The highest-probability parse can then be

traced back from the highest-probability entry with label ST in the top cell of the chart.

3.2.5 Earley parsing

The CYK algorithm in Figure 3.5 provides an efficient method for CFG parsing. However,
with some grammars there may be additional efficiencies to be had. In this section, we
discuss a top-down filtering method to try to reduce the number of categories in each chart
cell, an idea first presented in the well-known FEarley parsing algorithm [80].

One way in which the purely bottom-up CYK algorithm can do extra work is in
building constituents that cannot subsequently combine with other constituents in a valid
parse. If we can recognize that before placing it in the chart, we can avoid wasting
any subsequent processing on that constituent. The filtering approach requires a list of
categories that are guaranteed not to be dead-ends for any particular cell. This list can be
built by taking the closure of the left-hand side/leftmost child relation in the grammar.

Such a filter is typically denoted by dotted rules, where the rules that may be used are
stored with a dot before the allowed categories for the particular start index. The set of
allowable categories are all those which appear immediately to the right of a dot. Once
the category to the right of the dot is recognized in a cell with start index x and span s,
the dot is advanced to the next word position. If the resulting dot is not at the end of the
sequence of right-hand side categories, it is placed in the list of dotted rules for all cells
with start index z+s. Note that the filtering approach, and the Earley algorithm that
uses it, do not require the grammar to be in this form. The Earley algorithm, as typically
presented [80, 202], does binarization on the fly through these dotted rules.

The utility of such top-down filtering is very much dependent on the grammar. There is

an overhead to keeping track of the dotted rules, and that overhead may be more than the
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efficiency gain to be had from the filtering. The Earley algorithm does not provide a worst-
case complexity improvement over the CYK algorithm, but under the right circumstances,

it can provide much faster performance.

3.2.6 Inside-Outside Algorithm

Just as the CYK algorithm for context-free grammars is analogous to the Viterbi algorithm
for finite-state models, there is an algorithm analogous to the Forward-Backward algorithm
for context-free grammars, called the Inside-Outside algorithm [10, 138].

The inside probability for a category A; € V with start index = and span s is the
probability of having that category with the particular words in its span:

*

ai(z,s) = P(A; = Wyi1... Wyts)- (3.26)

(See Eq. 3.1.2 for a definition of the derives = relation.) For non-binary productions with
terminals on the right-hand side, the definition is the same as in the CYK algorithm in

Figure 3.5:
ij(x,l) = bj(w$+1). (3.27)

For the remaining binary productions, the inside probability is obtained by replacing the

max in the algorithm in Figure 3.5 with a sum:
a+s—1 [V] |[V]

ai(z,s) = Z Z Z aiji aj(x,m —x) ag(m,s —m+ x) (3.28)

m=x+1 j=1 k=1
Just like the relationship between the Viterbi and the Forward algorithms presented in
Sections 3.2.1 and 3.2.2, the dynamic programming involved in the CYK and the inside
part of the Inside-Outside algorithm are identical. Note that, if A, = St € V, then

Pwi...wy) = oar(0,n). (3.29)

The outside probability for a category A; € V with start index x and span s is the
probability of having all the words in the string up to the start of the constituent, followed
by the constituent, followed by the remaining words in the string; i.e., for a string of length
n:

*

Bi(z,s) = P(ST = wi.. . weAjweisir... wn). (3.30)
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We start with the start symbol A, = ST at the root of the tree (top of the chart):
B,(0,n) = 1. (3.31)

Given a grammar in CNF, any category may participate in a production as either the left

child or the right child, so we will sum over both possibilities:

n—az—s [V| V]

Bi(xz,s) = Z ZZak($+S,S/) Bi(z,x+s+5) aiji
s'=1 k=1i=1
z—1 |V| |V]

Z Z Z (2, x —2') B2,z + s — 2') au, (3.32)

/=0 k=1 =1

for a string of length n.
Having calculated the inside («) and outside (3) probabilities for every category, start
index and span, we can now estimate the conditional probability, given the string, of seeing

such a constituent in that position:

ai(z, s)Bi(, 5)

P(wy ... wy) (3.33)

Vi(x> 5)

We can also calculate the conditional probability of a particular rule production applying

at a particular span:

aijifBi(z,s) T
fijk-(x,S) m Z Olj(x,m)ak;(m,x + 5) (334)
N =1

These values are analogous to what is calculated for the Forward-Backward algorithm,
although instead of time t they are associated with start index x and span s. Just as with
the Forward-Backward algorithm, these v and £ values can be used to select the parse

with maximal conditional probability or to iteratively re-estimate the PCFG model.

3.2.7 Beam Search

During a beam search for a solution, some percentage of the paths through the solution
space is pruned away because the lower-scoring paths are unlikely to become the best
path in the end. In a typical implementation, a threshold value is set and any paths with
likelihood smaller than the threshold relative to the most-likely path are pruned away.
The threshold can be adjusted dynamically to limit the maximum number of possible

(partial) solutions that are under consideration at any time step in the search.
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3.2.8 Minimum Bayes Risk Decoding

The Bayes optimal decoding objective is to minimize risk based on the similarity measure
used for evaluation. Minimum Bayes risk (MBR) decoding, then, maximizes the expected
similarity score of the output solution candidates. MBR decoding for NLP tasks has
gained in popularity over the past several years: Jansche [115] used MBR decoding for
shallow parsing, Goel et al. [97] used minimum Bayes risk voting strategy for ASR, and
Kumar and Byrne [135] performed MBR decoding for translation. DeNero et al. [76]
introduce a variant of MBR that can be efficiently applied to a lattice of translations in
place of the n-best list comparisons required by traditional MBR, decoding, which also
has applications in ASR decoding. Some of our work in Chapter 7 (p. 154) approximates

MBR inference for parsing.

3.2.9 k-Nearest Neighbors

In nearest neighbor classification, new objects are classified by finding the object in the
training set that is most similar to the new object, then assigning the category of this
“nearest neighbor” to the new object [148]. A simple extension to this method of clas-
sification is k-nearest neighbor classification, wherein the k& (where k>1) objects in the
training set most similar to the new object are consulted for classification. The success of
nearest-neighbor classification methods relies heavily upon the similarity metric used to
compare the classification objects; the “right” similarity metric is sometimes obvious, but

sometimes challenging as we discuss in Chapter 7.

3.3 Overview of Application Areas

The next several sections of this chapter will provide a brief background to the areas
of tagging, parsing, language modeling, automatic speech recognition (ASR), machine
translation (MT), and image classification. Stated very generally, the task in each of
these areas is to annotate some type of meta-information on the input data. For parsing,
input text is to be annotated with part-of-speech tags, or syntactic trees, or semantic roles,

etc. In ASR, the input speech signal is to be annotated with a transcript of what was said.



61

For MT, text input in one language is to be annotated with its translation into another
language. In image classification, the input graphical image is to be annotated with labels
of any objects captured in the image. Thus, despite the fact that the application areas
may seem very disparate, there are actually many similarities at a high level, as will be

shown in this section.

3.3.1 Tagging

We have seen several examples already of part-of-speech (POS) tagging tasks, on pp. 5
and 20. In this section we define the objective and evaluation of tagging tasks. Given a

word string w1 ... wy, and a tag set 7, the tagging task is to find C; ... Cy € T* such that:

Ci...Cr, = argmax P(Ci...Cklwy...wg)
Ci..CLeTk
= argmax P(w;i...wg|Ci...Cy)P(Cy...Ck)
C1...CLETFk
k

= argmax HP(CZ | C() NN C’Z_l)P(wZ | CU R C’i,wl NN wi—l)
Ci..CLeTk i=1

k

Ci..CLeTk i=1

Note that this last approximation makes a Markov assumption of order n+1 on the se-
quence of tags, and the assumption that the probability of a word given its tag is condi-
tionally independent of the rest of the words or tags in the sequence.

POS-taggers frequently serve as one of the earlier stages in an NLP pipeline. The
parsing pipelines of Collins [63], Bikel [20], and Ratnaparkhi [175] each include POS-
tagging stages. The Brill [27] POS-tagger has served as the first stage in many NLP
pipelines, including the CoNLL-2000 Chunking Shared Task [207] (discussed in Chapter 5).

POS-tagging is not the only tagging task in NLP; other tasks such as word segmen-
tation [214], shallow parsing [207], named entity recognition [206], and supertagging [13]
are oft-implemented tagging tasks. In shallow parsing, each word in the input sentence is
annotated with its position within a non-hierarchical parse constituent, such as whether
the word begins a noun phrase, continues a verb phrase, ends a prepositional phrase, or

is “outside” of any such phrase; see Section 5.1 for a more detailed discussion of shallow
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parsing and its relation to full context-free parsing (reviewed in the next section). Abney
[1] set up a parsing pipeline where the first stage shallow parses the input words, then in
the second stage, the shallow parse chunks are attached to build the final output parse
tree. Supertagging is the process of assigning an elementary tree of a Lexicalized Tree-
Adjoining Grammar (LTAG) via a tagger to each word of an input sentence; see [118, 119]
for a full description of tree-adjoining grammars. Bangalore and Joshi [13] found that by
confining their second-stage LTAG parser with output from an upstream supertagger, they
were able to prune the parser’s search space and thus increase its efficiency by a factor
of about 30. Shen and Joshi [197] placed a supertagger as a precursor to an NP chunker
(NP-chunking is a subset of shallow parsing). The Clark and Curran [59] combinatory
categorial grammar (CCG) parser also uses a supertagger as its first pipeline stage. Birch
et al. [23] use CCG supertags to constrain a phrase-based statistical machine translation
system (reviewed in Section 3.3.4); Hassan et al. [107] compare the utility of CCG and
LTAG supertags in phrase-based machine translation.

Clearly, then, tagging stages are prevalent in NLP systems, both as stand-alone sys-
tems [27, 173] and as early stages in pipeline systems. Systems such as these are rele-
vant to this dissertation because their high efficiency and (generally) high accuracy make
them attractive for pruning the search space of downstream, higher-complexity stages. In
Section 3.10.1 we describe our own finite-state tagger, used extensively throughout this

dissertation to conduct empirical trials.

Tagging Evaluation

In order to evaluate a tagged sequence, let us treat the sequence T as a set of time indexed
tags (7;,t), so that (7;,t) € T if the tag for word w; in T is 7;. Then the intersection of
two sequences, TN T, is the number of words for which the two sequences have the same

tag. Given the “true” tag sequence T, we can calculate the per-tag accuracy of a given

tag sequence T:

_ TN T 1 _
per-tag-accuracy (T | T) = | | = — Z tag-in-seq(7;, t, T) (3.36)

|W‘ |W’ (rj,t)eT
7




63

where the denominator in Equation 3.36 is the number of words in the string w, since the

true tag sequence must have exactly that length, and where

. ) 1 if (rj,t) €T
tag-in-seq(7;,t, T) = (3.37)
0 otherwise.
Shallow parsing and segmentation tasks may be evaluated either as tag-sequence accu-

racy using Equation 3.36, or as tree-node F-score using Equation 3.40 (see Section 3.3.2,

p. 65).

3.3.2 Parsing

Parsing is an annotation task in which the main objective is to construct a complete
syntactic analysis of a string of words. This objective can be achieved through use of a
context-free grammar (CFG) (see Section 3.1.2) to provide a model of language processing.

Figure 3.6 shows a simple context-free grammar and the derivable parse tree for the
input sentence “Stock prices rose in light trading.” Note that a parse tree simply represents
a particular grammar derivation, and the productions P can be thought of as rules to
rewrite symbols into strings of other symbols. Depending on the grammar, there might be
many possible parse trees for each input sentence (such as the set of parse trees discussed
on p. 7), although for our example CFG there is only one parse for the sentence. The
parse tree itself consists of a set of nodes such as the S sentence node, the NP noun phrase
nodes, and the VP verb phrase nodes in the figure, which may also be referred to as parse
constituents. The relations between nodes in a tree are often discussed in terms of parent
and children nodes, where each node has only one parent but may have n children; the
VP node in the figure has two children (VBD and PP), and the S node is its parent. Note
that a parent node occurs on the left-hand side of a CFG rule production, and the children
nodes are on the right-hand side of the production. The “top” of a parse tree (the S node
in the figure) is referred to as its root; terminal symbols (words) are at the leaves of the
tree; and pre-terminal POS symbols (IN, JJ, NN, NNS, and VBD) are one level higher
than the terminal nodes.

The probability distribution for a PCFG can be estimated in several different ways; one

of the more common is via relative frequency estimation or some other supervised learning
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V = {IN, JJ, NP, NN, NNS, PP, S, VP, VBD}

St = {S}

T = {in, light, prices, rose, Stock, trading}
IN — in, S
JJ — light, /\
Eg - tStog.k’ NP VP

— trading,
NNS — prices, K NS VBD/\PP
P = { NP — JJNN, | | ‘
NP — NN NNS, Stock prices rose N Np
PP — IN NP, L~
S — NP VP, in JJ NN
VBD — rose, \ \
| VP — VBD PP light trading

Figure 3.6: An example context-free grammar and derived parse tree.

method, estimating the PCFG distribution from training data provided by a treebank. A
treebank consists of sentences that have been human-annotated with syntactic structure
represented as a tree; typically the annotation is performed by linguists and follows detailed
annotation guidelines. The Penn Wall Street Journal (WSJ) Treebank [150], consisting of
one million words from the Wall Street Journal, will be referred to extensively through-
out this dissertation. Other examples of treebanks include the SWITCHBOARD corpus
[96], the Brown corpus [89], the Prague Dependency Treebank [101], and the Rhetorical
Structure Treebank [36].

Finite-State, Context-Free, and Context-Sensitive Parsers

Human language is known to be beyond context-free, and thus context-free grammars
represent an approximation of human language. Approximations are, in fact, quite com-
mon as we saw in Section 3.3.1 when we discussed finite-state shallow parsers. Balfourier
et al. [11] present a parsing system capable of producing different levels of syntactic an-
notation, from finite-state to context-free, based on an input tuning parameter. Other
parsers go beyond context-free to implement context-sensitive grammars, such as tree-

adjoining grammars (TAGs) [118, 119] and unification grammars [123]. It has been shown
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POS | Finite-State | Context-Free parse
Tagger ’ Chunker f Parser tree

text —

Figure 3.7: An example parsing pipeline.

that the CYK and Earley algorithms can be extended for TAGs and CCGs, to a polyno-
mial algorithm of O(n%); this high level of complexity generally prevents context-sensitive
grammars from becoming commonly used.

Figure 3.7 shows the Ratnaparkhi [175] parsing pipeline as an example parsing pipeline,
where a parse tree is essentially built in layers, beginning with the POS-tags, then the
shallow chunks, then finally the full context-free tree. Context-free parsers have been
implemented as pipelines, and as stages in the middle or at the end of a pipeline. Parsing
is often promoted as a beneficial pre-cursor to other tasks such as information retrieval,
summarization, even machine translation. The empirical trials conducted throughout
this dissertation focus on understanding and improving context-free parsing pipelines,

specifically the Charniak and Johnson [44] pipeline (discussed in detail in Section 3.10.2).

Parsing Evaluation

In context-free parsing, parse candidates are evaluated according to the F; metric, which
is the harmonic mean of recall and precision (Equations 3.38 and 3.39, respectively);
recall is the number of tree nodes in the truth that were identified by the system, while
precision is the number of tree nodes identified by the system that were in the true tree.
For evaluation of a parse tree A, the parse is compared to the true reference parse B as

follows:

|AN B|

R = (3.38)
|A|
|AN B|
P = (3.39)
| B
2« Rx P
FF = ———
! R+P
2% |ANB|

= - I 3.40
A +1B] (3.40)
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Figure 3.8: An example LVCSR pipeline.

A correct parse, i.e., one which is identical to the gold-standard parse, has an F-score of
1.0. Evaluation is performed using the evalb® scoring script, which operates on the set of
labeled brackets that represent the parse tree. Both the span and the label of the brackets
are included in the evaluation. Standard PARSEVAL [24] parameterizations ignore some
node differences for evaluation, including: different POS tags, ADVP/PRT substitutions,

and disagreement on bracket boundaries that span punctuation marks.

3.3.3 Automatic Speech Recognition

The objective of automatic speech recognition (ASR) is to begin from an observed acoustic
signal, and end with a transcription of the possible word hypotheses inferred from the
signal. A simple example of speech recognition is an isolated word recognition task, in
which the ASR system discriminates between two possible words such as “yes” and “no.”
Other, more complex tasks might be to automatically transcribe a television newscast to
provide closed captions for the telecast; recognize vocal commands (e.g., “Call Jane,” or
“Find the nearest Mexican restaurant”); transcribe voicemail to e-mail or dictate an office

memo. Tasks such as these can require large vocabulary continuous speech recognition

(LVCSR).

®http://nlp.cs.nyu.edu/evalb/
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LVCSR provides a probabilistic estimate of the sequences of words at the source of
an unsegmented audio stream. Figure 3.8 shows a typical ASR pipeline, using HMMs
with a beam search approximate inference algorithm. The system uses three recognition
models: an acoustic model, a pronunciation model, and a language model. The acoustic
model is a model for an elementary unit of speech such as a phone, typically represented
as a three-state finite-state transducer with self-loops at each state. Acoustic models
in state-of-the-art LVCSR systems are usually context-dependent models, modeling up
to 3-, 4-, or 5-phone sequences [140, 211]. The pronunciation model defines word-level
units, as a concatenation of the acoustic models for each phoneme of the word. Most
LVCSR systems have a pronunciation dictionary comprising hundreds of thousands of
words [52, 141], some of which may have multiple possible pronunciations. See the well-
known CMU Pronunciation Dictionary® for an example of such a model. The language
model constrains the possible words sequencing. Formally, the probability of a transcribed
word sequence w given the audio input a is typically calculated using the noisy channel

model, which has also been used in SMT (Section 3.3.4):

arg;naxP(w\a) = argqrfaxfw

= argmax P(alw) P(w)

(3.41)

where P(w) is the language model and P(a|w) is the acoustic model.

The search space of an LVCSR decoder is represented by all possible word sequences
given the features extracted from the input audio stream. To conceptualize the size of
such a search space, imagine a 50,000 word vocabulary system (small by today’s state-
of-the-art standards). A typical word has 6-7 phonemes, each of which consists of the
three HMM stats from the acoustic model. Thus an exact inference search would have to
search over 50, 000x7+3 = one million states for each recognized word, making the search
computationally challenging if not impossible.

Spectral-based speech features are extracted by performing signal-processing on the
audio input; Figure 3.9 shows an example of the spectral features for the word “week-

end.” The speech decoder then computes the most likely word sequence based on the

Shttp://www.speech.cs.cmu.edu/cgi-bin /cmudict
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Figure 3.9: Waveform (top) and spectrogram (bottom) of the word “weekend.”

extracted speech features and the recognition models. The naive approach would be to
explore and compute the probability of all possible sequences of words and select the most
probable one. With over a million states for each word, it is easy to see why most LVCSR
systems implement beam search [114] or other pruning strategies in decoding, including
implementing a pipeline architecture.

The recognition models are independently trained and compiled offline, but applied in
a pipeline manner during testing. The pipeline-final output word sequence is constructed
by a concatenation of phone-units to form word-units, which in turn are concatenated to
form word sequences. Beam search is typically employed at each of these models during
testing, and if the phone-units required to construct a particular word are pruned away
in the acoustic model’s beam search, then clearly the language model will be prevented

from selecting that word as output.

ASR Evaluation

The accuracy of an end-to-end speech recognition system is typically measured in terms

of word error rate (WER). WER is calculated as:

D+1
WER = SJ’TJ“ (3.42)
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where S is the number of substitutions made by the system, D is the number of deletions,
I is the number of insertions, and N is the number of words in the reference. Values
of WER closer to 0 indicate higher accuracy. Other measures of accuracy include Single

Word Error Rate (SWER) and Command Success Rate (CSR).

3.3.4 Machine Translation

The objective of machine translation (MT) is to automatically map from a source language
string to a target language string. We discussed a partial example in Chapter 1, translating
our example English sentence “Stock prices rose in light trading” into a Spanish sentence
“Precios de las acciones subian en intercambio libiano.” Ideally, machine translation would
be conducted by mapping the source sentence to some semantic interlingua representation,
e.g. “rise(price([plurall,[stock]),trade([gerund],[light]),past),” then synthesizing a sentence
in the target language from the interlingua representation. However, the current-best
translation systems are data-driven statistical models that rely on surface representations
of the strings such as lexical identity and syntactic function. The basic approach behind
a statistical machine translation (SMT) system follows the noisy-channel approach from
automatic speech recognition (ASR) (see Section 3.3.3). The probability of translating a
source string f into a target string e is thus calculated as:

argfenaXP(e\f) = argrenaxw

= argmaxP(f|e) P(e)

(3.43)

using Bayes rule.

In Equation 3.44, P(fle) is termed the translation model (similar to the acoustic model
in ASR; see Section 3.3.3 for more details) and P(e) is the language model (discussed
previously, in Section 3.3.3). In the example MT pipeline in Figure 3.10, the Lexical
Translation and Phrasal Translation stages each contribute to P(f|e), and the Language
Model stage provides P(e) to the decoding stage. Translation models assigns a probability
to a pair of strings <f,e> such that if f “looks like” a good translation of e, then P(f|e)
will be high. The translation pairs <f, e> would ideally come from human translations,

but again, human-produced data is expensive and slow. Therefore, translation-pairs of
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Figure 3.10: An example phrase-based MT pipeline.

sentences are extracted for MT from parallel corpora, document pairs that are translations
of each other such as the European Parliamentary proceedings’ [130], required by law to
be published in 11 different languages.

Comparable corpora have also been used in machine translation [196, 205]. Comparable
corpora are texts in two languages that are similar in content, but are not translations.
One example is a set of news articles published on the same day in different countries (and

languages).

Lexical and Phrasal Translation

To extract the necessary information from document-aligned parallel corpora, each docu-
ment is first sentence-aligned, typically using simple heuristics based on sentence length,
such as the Gale and Church [92] algorithm. Then the words within each aligned sentence
are also aligned using various algorithms [30, 164, 155]. Word-alignment quality can be
intrinsically measured by alignment error rate (AER) [164]:

|ANS|+|ANP|
Al +15]

AER(S,P;A)=1— (3.44)

Here a recall error occurs if a “sure” S alignment link is not found in A, and a precision

error occurs if an alignment link in A is not in the “probable” set of alignment links P.

"http://www.statmt.org/europarl/
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Figure 3.11: An example word alignment (a) in tabular format, and a few of the phrases (b) to
be extracted based on the word alignment.

Ayan and Dorr [7] demonstrated that AER does not correlate well with translation quality,
but we include its definition here for completeness.

Phrasal translation translates sequences of source-language words into sequences of
target-language words. Some of the advantages of phrase-based translation are: many-to-
many alignments from source to target are permitted, as opposed to word-based transla-
tion; and the phrases allow for more context in translation than would be provided by a
word-based translation system. The key component in phrasal translation is the phrase
table, which is extracted from the word alignments, essentially by “growing” the align-
ments diagonally to form aligned phrases. The gray cells in Figure 3.11(b) represent a few

of the phrases that could be extracted from the word alignments in Figure 3.11(a).

MT Evaluation

Translation quality would, ideally, be evaluated by a human to determine adequacy (how
well the translation captures the information of the source sentence) and fluency (whether
the translation is a “good” sentence in the target language). However, human evaluation is
slow and expensive, so translation quality is measured by the precision-based BLEU metric
[168], where the quality of a translation is considered to be how closely the translation
output by a machine matches a professional human translation.

BLEU is calculated as the geometric average of the modified n-gram precisions, p,,
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using n-grams up to length N:3

N
1
log BLEU = min(1 — g 0)+ >+ log(pu) (3.45)

n=1
where the first factor represents a brevity penalty, and p,, is the modified n-gram metric.”
Values of BLEU range from [0..1], where values closer to 1 indicate candidate translations

that overlap more with, and thus are more similar to, the reference translations.

3.3.5 Image Classification

In image classification,'® information is extracted from an input image, such as the identity
and label of any objects in the image. The image data may take many forms, such as
photographs, video sequences, or multi-dimensional medical images from a CAT scan.
The task of determining whether or not an image contains some specific object, feature,
or activity can normally be solved fairly easily by a human, but identifying arbitrary
objects in arbitrary situations remains difficult for computers. Much like in ASR and
parsing systems, existing methods for image classification excel by limiting the domain of
the problem: only recognizing specific objects, such as simple geometric shapes, human
faces, or hand-written characters. Further restrictions might also restrict the background
or pose of the object to be recognized.

Image recognition can take on several subclasses: recognizing a specific object or class
of objects; identifying an individual instance of an object; or detecting specific conditions
in the image. In object recognition, systems are trained to recognize specific classes of
objects (such as planes, buildings, or bodies of water) along with the position of the object
in the image or scene. In object identification, a specific object such as a specific person’s
face or fingerprint is identified. In image detection, an image is scanned to determine
whether or not a particular condition is present, such as detecting whether a car is present

in an image of a road.

8 N=4 was found to correlate best with human judgements.

9BLEU is a modified precision metric because the count of n-gram matches between a candidate trans-
lation T and a reference translation R is modified such that n-grams in the reference are matched only
once to an n-gram in the candidate translation.

Tmage classification may also be referred to as object recognition, image processing, or image analysis,
and is a subfield of computer vision research.



73

Figure 3.12: Edges detected (right) from original input image (left).

Detection tasks are relatively simple and fast, so detection may serve as the first stage
in an image classification pipeline, to find smaller regions of interesting image data to
be further analyzed by more computationally demanding techniques later in the pipeline.
Farly stages in an image classification pipeline might also perform local operations on the
image such as edge detection or noise removal. The goal of edge detection is to determine
the edge of shapes in a picture and to draw a resulting bitmap where edges are in white on
black background; edge detection is typically performed by simple bitwise comparisons,
and so is very fast and relies only on local information in the image. Detecting the edges of
shapes provides a starting point for downstream processing on those shapes. Figure 3.13
shows an example image classification pipeline.

Optical character recognition (OCR) is a common image classification problem, in
which the objective is to identify a printed or handwritten letter or digit in the input
image, usually with the goal of encoding the printed or handwritten text into ASCII
format; such tasks have also benefited from the use of a language model. Many image
classification systems approach the problem as one of pattern recognition, matching the
input image against a set of reference, labeled images, and thus are based on the nearest-
neighbor search. The nearest-neighbor search requires some measure of similarity between
two data points, which can be computationally expensive to calculate; therefore, much
attention has been given to finding efficient and/or approximate similarity metrics for

comparing images.
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Figure 3.13: A simple image classification pipeline.

Image Classification Evaluation

Image classification systems are often evaluated by simple recognition accuracy R (or by

classification error rate, calculated as 1—R):
R = - (3.46)

where ¢ is the number of correctly recognized objects (or correctly classified images) and ¢
is the total number of images input for analysis. Image recognition may also be evaluated
by plotting a system’s false-positive rate against its true-positive rate and calculating the
area under the resulting Receiver Operating Characteristic (ROC) curve [219]; an area

value of 1 would indicate an errorless system.

3.4 Pipeline Terminology

One of the goals of this dissertation was to identify commonalities among pipeline systems
across several different fields, which is difficult due to the lack of a shared vocabulary to
describe pipeline systems across—and even within—research communities. Thus in this
section we briefly discuss some of the more common terms used to describe pipeline systems
in the existing literature, and map these terms to our pipeline framework vocabulary.
Pipeline systems have often been referred to as “cascaded” systems (e.g., [1, 2, 6,
31, 83, 72, 73]); these systems are typically feed-forward, single-source, partial-solution
constrained pipelines (Section 3.5). “Coarse-to-fine” systems (e.g., [45, 44, 74, 131]) are
typically feed-forward, single-source, complete-solution constrained pipelines (Section 3.6)
with an emphasis on systematically reducing the search space and increasing the com-
plexity of downstream models. “Ensemble” systems [77, 78, 167, 176, 191] are also
feed-forward, complete-solution constrained pipelines, typically utilizing multi-source con-

straints for a downstream voting stage (Section 3.6.3). The term “multi-pass” has two
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different senses; the most common sense refers to the multiple stages of a pipeline systems
(e.g., [43, 74, 99, 208, 210]), and the other sense refers to a complete pass through a system
as in iterative pipelines (Section 3.8.2). The “multi-layer” architecture in [90] (not to be
confused with a multi-layer perceptron), the “multi-level” tags in the McDonald et al.
[154] dependency parser, and the “multi-scale” image processing algorithms [81, 131] can
be interpreted as references to the multiple stages of a pipeline architecture.

In general, pipeline systems can be identified by the presence of multiple processing
stages where the output of one (or more) stages defines the input of the next stage in the
pipeline: exactly as stated in our definition of pipelines. The next several sections of this
chapter will classify many existing pipeline systems according to our pipeline framework

in Chapter 2.

3.5 Partial-Solution Constrained Pipelines

The first, and easiest, distinction that we make is between the two classes of partial-
solution and complete-solution constrained pipelines. In a partial-solution constrained
pipeline, the constraints passed from one stage to the next are partial constraints, and will
be extended or added to for the pipeline-final output. In a complete-solution constrained
pipeline, the constraints fully specify the search space of the next stage. We could also
make a distinction between one-best pipelines and n-best pipelines; in n-best pipelines,
a set of candidates (either partial- or complete-solutions) are output from one stage for
input to the next stage in the pipeline. That set of candidates may either function as
complete-solution constraints for the next stage, or as a disjoint set of partial-solution
constraints; Curran et al. [71] showed the benefits of using disjoint sets of partial-solution
constraints to maintain some level of ambiguity in their CCG parsing pipeline. In the case
of a one-best pipeline, the single candidate passed from one stage to the next must be a
partial-solution constraint.

The Ratnaparkhi [175] parser is a classic partial-solution constrained parsing pipeline.
The first stage generates POS tags over the input sentence, the second stage generates

chunks over the POS-tagged sentence, and the third stage iteratively joins the chunks into
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a hierarchical tree. Input to the second stage consists of n-best POS-tag sequences, and
input to the third stage consists of n-best distinct POS-and-chunk sequences; each stage
was trained on gold reference data.

Many other parsing pipelines make use of partial-solution constraints. The Abney [1, 2]
“partial parser” parses a sentence by first chunking the words in the sentence then using
an attacher to attach the chunks into a final parse tree. Many edge detection systems
[18, 131, 147, 204] function in a similar fashion, by detecting part of an edge at each stage,
to be extended by the next stage. In the Charniak et al. [45] “multi-level” parsing pipeline,
the first stage produces a high-recall unlabeled parse tree for the input sentence, and the
downstream stages each successively relabel the parse tree output by the upstream stage,
with label sets increasing in size (and level of detail) at each stage. The so-called “two-
pass” architecture presented by Charniak and Johnson [43] detects and removes edited
words in transcribed speech before passing the transcription to the downstream parser.
In the Joshi and Bangalore [117] supertagging pipeline, an initial stage selects a supertag
for each word in the input sentence, and the next stage links the sequence of supertags to
form a dependency parse. Bangalore [12] extended this pipeline to use supertag sequences
as input to a language modeling stage, and demonstrated that although supertagging is a
more difficult task than POS-tagging, the increased level of detail provided by supertags
over POS-tags led to an increase in performance in the downstream language model.
The supertagger implemented by Bangalore and Joshi [13] contains three stages: a POS-
tagger (implemented by Church [53]) followed by a supertagger which used the input POS
tags as a back-off model for unknown words, and finally a parser. The article focused on
improving parser efficiency by pruning the parser’s search space with supertag-constraints,
and reported oracle F-scores in the low 90s using the three-best supertag sequences. Clark
and Curran [56] present an interesting approach to partial-solution constraints, training a
dependency parser on only partially-annotated training data.

Parser output has also been used to define partial-solution constraints for machine
translation pipelines. Bangalore and Riccardi [15] use output from an upstream depen-
dency parser to perform lexical re-ordering, then extended this notion of separating trans-

lation from re-ordering in [16] by performing lexical choice at the first stage and outputting
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the lexical translations to the second stage for lexical reordering. Fox [88] and Cherry and
Lin [48] both use output from an upstream dependency parser to disallow crossing de-
pendencies in machine translation candidates. Charniak et al. [46] use a parser as a
pipeline-final stage to prune unlikely partial translations output by an upstream transla-
tion model. Collins et al. [67] translate by parsing the source input sentence in the first
stage of their pipeline, performing a series of transforms on the parse tree in the second
stage to re-order the underlying sentence, then translating the re-ordered source sentence
in the final stage. Sporleder and Lapata [201] examined the utility of discourse chunking
as an upstream stage for sentence compression.

Several pipeline systems implement upstream stages intended specifically to improve
efficiency in downstream stages, including our own work [181, 182] using chart constraints
to reduce the observed-time complexity of a context-free parser (see Section 3.10.3 for
more details about this work). DeNero et al. [74] implement similar steps to reduce the
observed-time complexity of their transduction grammars for machine translation. Birch
et al. [22] propose constraining the search space of the Joint Probability Model (proposed
by Marcu and Wong [149]) phrase-extraction to only those phrases supported by the word
alignments output by an upstream stage. Such pipelines are somewhat unusual because
they are typically evaluated extrinsically (i.e., for efficiency gains) rather than intrinsically

(for mid-pipeline accuracy improvements).

3.5.1 Model Refinement

Most of the pipelines discussed in this dissertation pass solutions or partial solutions
from stage to stage. However, some of the pipelines pass information regarding model
parameters rather than (or in addition to) solution sets.

In the seminal IBM word-alignment pipeline [30, 29|, each stage provides initial esti-
mates for the model parameters of the next stage. In this pipeline, IBM Models 1-5 each
constitute one stage of the pipeline, and each stage outputs a single partial solution for the
downstream stage. Each model calculates the conditional probability Pr(fle), the likeli-
hood of the French sentence f as a translation of the English sentence e, with each model

in the pipeline adding more conditioning information to the probability estimation than
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was used in the upstream model, following a typical increasing model-complexity pipeline
design. In this pipeline system, in addition to providing a partial solution constraints, up-
stream stages are also used to initialize the parameters of the next stage. GIZA++ [164]
extends the IBM models for word alignment, adding a Model 6 and replacing Model 3
with an HMM model, and is similarly an example of both model- and solution-refinement
in a pipeline system.

In the Collins [63] parser, parsing Models 1, 2, and 3 are similarly trained under a
pipelined model-refinement scenario [20]. Note that the Collins parser requires POS tags'!
on input at test-time, creating a more traditional solution-refinement pipeline. However,
the probability distributions of the parser are estimated in training from reference POS
tags, only relying on the input POS tags to provide back-off estimations for unknown

words; thus the POS-tagging stage only participates in the pipeline at test-time.

3.5.2 Soft Constraints

Hard constraints define the pipeline architecture, and thus the majority of systems an-
alyzed in this dissertation utilize hard constraints. However, soft constraints also have
a role in pipeline systems. Cherry and Lin [49] use the output of a bi-text synchronous
parser [212] to impose soft constraints on downstream word alignment. In their paper,
Cherry and Lin note that implementing soft constraints in a system using a beam search
is problematic, because the imperfect and incomplete search conducted in a beam search
scenario might not be able to find the optimal solution under the soft constraints; they
argue that exact inference [125] is a better search strategy with soft constraints.

Many systems use the model score of an upstream stage, which can be thought of as
providing a soft constraint. The Hiero machine translation system [50, 51] uses the score
output by an upstream language model as a feature in its log-linear machine translation
decoder. The Charniak and Johnson [44] final-stage reranker uses the probability scores

output by the upstream parser as a feature.

" Results reported in [63] used the Brill [27] POS-tagger.
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3.6 Complete-Solution Constrained Pipelines

A complete-solution constrained pipeline can most easily be identified by the presence of
a ranking stage in the pipeline, wherein the solution candidates input to the ranking stage
are scored and ranked. The score of each candidate may be calculated as a sum of “votes”
from upstream stages, or recalculated internally by the ranking stage, as is the case for a
MaxEnt reranking stage, for example. The output of the ranking stage may be the full
set of input candidates in some rank order, or it may simply be the top-ranked solution
candidate.

Complete-solution constraints are most commonly represented as n-best lists, as we
will see below, but can also be represented in a condensed format such as a word lattice
or chart. The Charniak and Johnson [44] pipeline, discussed at length in Section 3.10.2, is
an exemplary complete-solution constrained pipeline; a condensed parse forest (chart) is
passed from the first parsing stage to the second, and n-best lists of parses are passed from
the second parsing stage to the final, reranker stage.'> May and Knight [151] examined
the different effects of these two representations by constructing a lattice from an input
n-best list. Huang and Chiang [113] presented results of rescoring a “forest” of parse trees

as opposed to a list of parse trees.

3.6.1 Ranking

Shen and Joshi [198] examine the differences between selection and ranking systems. They
focus on the use of large margin machine learning techniques; in selection stages, the goal
is to find the margin, or hyperplane, that will separate the best solution candidate from
the others in the space. They demonstrated the use of uneven margins in ranking, where
the goal is to find larger margins to separate higher-ranked candidates and to allow smaller
margins for separating the lower-ranked candidates. The PRanking system implemented
by Crammer and Singer [70] is another exemplary ranking system, in which each input

data point is assigned a rank (or rating); the model is evaluated based on rank-accuracy.

12VWe also implemented this model as a ranking stage, where the the entire set of candidates was output
and the model was optimized for rank-accuracy; see p. 90 for details.
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3.6.2 Reranking

Reranking stages,'® which select from an n-best list or lattice on input, are complete-
solution constrained pipelines. In a typical reranking stage, as discussed in Chapter 2
(p- 29), a list of the n-best solution candidates produced by a baseline system is re-scored,
typically using richer, more complex models, in order to select a better candidate from
among those provided.

Reranking stages have been incorporated into many NLP pipelines, including other
parsing pipelines [64, 68, 69], speech recognition [183], and machine translation [166].
Hall et al. [103] explored several different methods for reranking dependency parses. Shen
et al. [199] created one of the very few reranking systems for machine translation, which
takes as input an n-best lists of translations. In order to see even an insignificant gain in
accuracy, the size of the input n-best lists were an order of magnitude larger than those
used in reranking parser output. DeNero et al. [76] apply a variant of minimum Bayes
risk decoding to re-score n-best lists and lattices of translation candidates. Bannard and
Callison-Burch [17] rerank paraphrases extracted from parallel corpora, using a language
model as the reranking stage. Callison-Burch [33] extended this pipeline by adding a
parsing stage at the beginning of the pipeline and filtering proposed paraphrase-pairs to
only those with the same syntactic function. In the Julius speech recognition system [139],
the first stage performs a beam search, and the second stage reranks the recognition results
from the first stage using a more-complex language model and a context-dependency
model. Roark et al. [186, 184, 185] use a discriminatively-trained language model to

rerank the output of an LVCSR system.

3.6.3 Voting

14 «

In a voting pipeline, each of the upstream stages'* “vote on” each of the input candidates.

The candidate with the largest number of votes is then the best candidate and is output.

13As Shen and Joshi [198] noted, the term “reranking” here is something of a misnomer, in that the
pipeline stages discussed herein are actually selection stages rather than ranking stages, according to the
definitions from our pipeline framework, but “reranking” has become the conventional term used in NLP.
1¥/oting pipelines are often also instances of multi-source pipelines, as discussed further in Section 3.7.
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The voting method might be a simple majority vote, where the candidate output from
the majority of the upstream stages is selected for output. It may also be a score combi-
nation method, where the scores generated by each upstream stage for each of the input
candidates are combined and the candidate with the highest combined score is selected for
output. The ASR pipeline systems implemented by Fiscus [84], Goel et al. [97], and Sagae
and Lavie [189], are all exemplary voting pipelines. Mintz [156] uses voted consensus for
edge detection in image analysis. Bangalore et al. [14] use voting techniques to create
cleaner training data for machine translation systems. Henderson and Brill [108] com-
bine parsers to “exploit diversity.” Buchholz et al. [31] found that adding chunkers—even
lower-performing ones—as upstream voters improved the performance of their final-stage
grammatical-relations finder. Thus this paper is one of only a few in the literature which
support the notion that poor upstream performance does not necessarily correspond to
poor downstream performance, a notion that will be explored further in Chapter 6.

The composition of weighted finite-state transducers in certain semirings can be thought
of as voting pipelines, and are used in many different application areas including pars-
ing [115], speech recognition [158, 169], language modeling [12], and machine translation

3, 127, 134, 136, 151, 163).

Recombination

A subset of voting pipelines are those that utilize recombination techniques. In a recombi-
nation pipeline, the complete-solution constraints are broken down into partial solutions
and “re-combined” to create a solution that may not have been output by any of the
upstream stages. For example, in the Sagae and Lavie [189] parsing pipeline, the input
parse trees are broken down to the individual nodes in each tree, then the set of nodes are
re-combined into a parse tree. Riezler and Maxwell III [180] similarly re-combined parse
constituents based on constituent similarity to produce a parse tree. The Goel et al. [97]
ASR pipeline is also a recombination pipeline; it takes as input a set of transcriptions
(word sequences), and conjoins the sequences to create a word lattice, then the best path
through this lattice is output from the pipeline-final re-combination stage. The pipeline

systems implemented by Liang et al. [145] and Klementiev et al. [126] are also examples
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of recombination pipelines.

3.6.4 Filtering

The cascade of classifiers presented in Athitsos et al. [6] is an interesting case. Each
input data point (in this case, an image to be classified according to its nearest neighbors)
is not pushed through the entire sequence of classification stages. Rather, if any stage
classifies the image within a thresholded level of certainty, then the classification at that
stage is used as the “pipeline-final” solution for the given image. Any data points that
reach the last stage in the pipeline are classified by that stage regardless of the level
of certainty. Certainty thresholds are set for each stage during training to maximize
performance (where performance is measured both in terms of accuracy and efficiency).
This technique of filtering data points at each stage in the pipeline appears to be unlike
any of the pipeline techniques implemented in parsing, MT, or ASR systems; some of our
future work (Chapter 9) is to explore the applicability and utility of this technique in

other pipeline systems.

3.7 Multi-Source Pipelines

Multi-source, partial-solution constraints often consist of heterogeneous output from sev-
eral different upstream stages. For example, Schafer and Yarowsky [193] use the output of
an upstream POS-tagger and a shallow parser to filter the translation candidates proposed

by their machine translation system.

3.7.1 Homogenous Sources

Co-trained and self-trained pipelines are examples of homogenous multi-source pipelines.
Clark et al. [60] bootstrap POS taggers using co-training, where two models are itera-
tively!® trained on the output of the other. Bootstrapping and domain adaptation such
as that performed by Bacchiani et al. [8] are also examples of homogenous multi-source

pipelines. Fink and Perona [82] use mutual boosting for image classification.

15Co-trained and self-trained models are also iterative pipelines, discussed in Section 3.8.2.
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3.7.2 Heterogeneous Sources

The Moses machine translation pipeline [129], an open-source implementation of the
Pharaoh [128] translation system, is a canonical example of a multi-source pipeline. Moses
uses the output of a word-alignment system (such as GIZA++ [164], which is itself a
pipeline system) as the first stage in a phrase-based translation pipeline. This system
extracts phrases—or more accurately, sequences of co-located words—from the output of
a word-alignment system using a variety of heuristic techniques, and phrases are then
translated as a unit. The Moses decoder uses phrasal and lexical translation scores as well
as language model scores for the output translation.

Multi-source pipelines are fairly common. Cohn et al. [62] train different conditional
random field models on subsets of a given task—for example, training a separate model for
each of 23 shallow parsing tags [207]—then combine the models to produce the pipeline-
final output. Since each of the models are trained for different sub-tasks, the output of the
models are heterogeneous. Similarly, Punyakanok and Roth [171] combine output from
several different classifiers such that the combined output satisfies some given inference
constraints. “Opinion-pool” systems [200, 203] train different feature sets separately on
the same dataset, then the feature sets are combined in the pipeline-final stage. Kim et al.
[124] present a multi-source system to detect and remove disfluencies by passing lexical
and prosodic information through two initial stages: a decision tree stage and a language
model stage; the output from these two stages is then input to a transformation-based
learning stage. The speech recognition pipelines of SPHINX [140], HTK [211], and Chong
et al. [52] all use output from an acoustic model (or models), a pronunciation model,
a language model, and a signal processing stage as input to the pipeline-final decoding
stage. Vergyri [209] also explored the use of multiple knowledge sources to improve speech
recognition.

Sampling pipelines such as those presented by Arun et al. [5], DeNero et al. [75], Finkel

et al. [83] may also be thought of as multi-source pipelines.
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3.8 Pipelines with Feedback and Iteration

3.8.1 Feedback Pipelines

The C&C Combinatory Categorical Grammar (CCG) parser [56] is a rare example in
NLP of feedback in a partial-solution constrained pipeline. The first stage, a supertagger,
calculates the posterior probability of a set of supertags for each word in an input sentence.
The supertagged words are passed on to the next stage, a CCG parser, which combines the
supertags to create a parse spanning the entire input sentence. The number of supertags
per word, passed from the first stage to the second, is controlled by a parameter o. During
training, the set of supertags for each word is forced to include the correct supertag, which
may require a manipulation of the output; the manipulation does not, of course, occur
during testing. At test-time, if the parser is unable to combine the tags in such a way
as to cover the entire sentence, then the parser can go back to the supertagger (up to
five times) to request more supertags. The system was designed such that the parser
can request more supertags for a particular word or simply a change in the o parameter;
focusing the altered search on particular words resulted in fewer feedback requests but
came with a higher risk in that expanding the search space around that particular word
could still lead to a failure to find a global solution. The feedback mechanism is triggered
on failure in the parser. Note that the limitation of five rounds of feedback means that
the parser can (and does) still fail, though the failure rate is greatly reduced to 2% using
this feedback mechanism.

Carreras and Marquez [37] built a perceptron-based phrase recognition system. The
system is a two-stage pipeline, where the first stage operates at the word level, to filter
words and form phrase candidates, and the second stage at the phrase level, to rank
phrases and select the optimal ones. Perceptrons are trained for each stage. This paper
presented a novel approach for training, which was to define a “global feedback rule” to
allow the two perceptrons to be trained together rather than separately, as is typically
done. Thus this paper provides an interesting cross between the typical separately-trained
models of a feed-forward pipeline and the jointly-trained models in a non-pipelined system.

Carreras et al. [38] expanded upon this method to train two stages of a pipeline at once, in
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order to optimize a global pipeline-final objective rather than the local accuracy objective
at each stage. Their method permits errors in the first stage only so long as the errors do
not cause errors in the second stage.

Chang et al. [39, 40] present a dependency parsing pipeline model where each “stage”
in the pipeline is a single action taken on a pair of words from the input sentence; one
of the possible actions is to step back to the previously-considered pair, thus allowing for

feedback in the pipeline.

3.8.2 [Iterative Pipelines

Our work on pipeline iteration (Chapter 4) is an obvious example of iterative pipelines. In
this work we use constraints derived from the output of later stages in a pipeline to focus
the search in earlier stages during a second iteration of the pipeline. Our results showed
that such a strategy can improve the accuracy of a pipeline.

Self-trained systems, where output from a system is used to train the same system
again, are iteratively-trained pipelines. McClosky et al. [152, 153] successfully deployed
self-training on the Charniak and Johnson parsing pipeline. They trained the Charniak
parser on the Penn Wall Street Journal (WSJ) Treebank [150], used this WSJ-trained
model to parse data from the North American News Corpus (NANC), fed the resulting
candidates to the Johnson reranker, then used the top candidates output by the reranker to
re-train the Charniak parser in a second pass through the pipeline. This pipeline system
is noteworthy in several aspects. First, it is one of few examples of pipeline iteration.
Second, the iteration only occurs during training; at test-time, an input sentence would
be parsed by the self-trained parser (from the second pass) and the output from the
parser re-ranked with the top parse output at the end of the pipeline. Finally, the second
iteration does not proceed through the entire pipeline; McClosky et al. found that re-using
the reranker trained during the initial pass resulted in better performance than re-training
the reranker during the second pass. These inconsistencies between training and testing
are a puzzle; it seems odd that the parser performed better after re-training but the
reranker did not, particularly since matching training to testing conditions is a standard

strategy in machine learning. In this pipeline, the testing conditions (output from the



86

self-trained parser) do not match the reranker training conditions (output from the WSJ-
trained parser). Chapter 5 will analyze these puzzling results, which also motivate some
of the work in Chapters 7 and 8.

The competitive linking model for word-alignment [155] could be argued to be an
iterative model, though the iteration occurs within a single stage. Similarly, one might
consider minimum error-rate training [165] to be an instance of pipeline iteration. The
transformation-based part-of-speech tagger from Brill [27, 28] is, by its nature, an iterative
system. Clark et al. [55] is also an iterative system, using the top-ranked candidate output
by the final stages of the pipeline to constrain the parse chart in earlier stages of the

pipeline.

3.9 Interaction between Pipeline Classes

As has already been mentioned in several of the preceding sections, a number of pipeline
classes are tightly tied to each other. For example, the voting and recombination pipelines
are often also multi-source pipelines. Similarly, feedback and iterative pipelines can also
be considered as multi-source pipelines. As seen in Sections 3.5 and 3.6, every ranking,
selection (reranking), and combination (voting) pipeline is also by definition a complete-
solution constrained pipelines. Likewise, each extension pipeline is also a partial-solution
constrained pipeline. Other classes, while not tightly connected, are also not mutually ex-
clusive. For example, multi-source pipelines can be implemented as either partial-solution
or complete-solution constrained pipelines. While it might seem that some of these classes
are redundant and therefore unnecessary, we would argue that by including the more ab-
stract classes such as the partial-solution and complete-solution constrained classes, we
can capture characteristics that propagate down to each of the subclasses without having

to repeatedly verify such characteristics for each subclass.

3.10 Implemented Pipelines

In this section we will describe in detail the finite-state tagging pipeline and context-

free parsing pipeline that will be used extensively for the empirical trials to be presented
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throughout the remainder of this dissertation. The system descriptions will include the
classification of these systems within our pipeline framework. In Sections 3.10.3 and 3.10.4,
we also describe two other pipelines that we implemented, outside the scope of this dis-

sertation, which provide novel perspectives of the pipeline architecture.

3.10.1 CSLUt Finite-State Tagger

We implemented a finite-stage tagger [109] which we call the Center for Spoken Language
Understanding tagger (CSLUt). This tagger can perform any tagging task, including
word segmentation, part-of-speech (POS) tagging [110, 85, 183, 187, 160], constituent
edge classification [181, 182], shallow parsing or chunking [109, 110], morpheme analysis
[162], and named entity recognition. CSLUt can also be trained as a two-stage tagger,
where the first set of tags (such as POS tags) are applied at the first stage, then a second
set of tags (such as shallow parsing tags) are applied at the second stage. The two layers of
tagging can also be trained as a single joint model, for comparison to the pipeline model.
Figure 3.14 shows the CSLUt pipeline.

The averaged perceptron algorithm (Section 3.1.5), as presented by Collins [65], is used
to train the tagger. During training, the decoding process is performed using a Viterbi
search with a second-order Markov assumption (Section 3.2.2). At test-time, the n-best
tag sequences are output using either the Viterbi score, or the posterior scores calculated
using the forward-backward algorithm (Section 3.2.3), for each tag.

The feature set used in the tagger includes the n-grams of surrounding words and the
tags of the preceding words. The n-gram features are represented by the words within
a three-word window of the current word. The tag features are represented as unigram,

bigram, and trigram tags (i.e., tags from the current and two previous words). These

word POS Shallow tagged
— —
sequence Tagger Parser text

Figure 3.14: The CSLU tagging pipeline, used for empirical parsing experiments throughout this
dissertation.
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features are based on the feature set implemented by Sha and Pereira [194] for their shallow
parser. Additional orthographical features are used for unknown and rare words (words
that occur fewer than 5 times in the training data), such as the prefixes and suffixes of the
word (up to the first and last four characters of the word), the presence of a hyphen, a digit,
or a capitalized letter, following the features implemented by Ratnaparkhi [175]. Table 3.1
summarizes the features implemented in our tagger for POS-tagging and shallow parsing.
In this table the p features are instantiated as POS-tags and 7 features are instantiated
as shallow chunk tags. Note that the orthographic feature templates, including the prefix
(e.g., w;[0..1]) and suffix (e.g., w;[n-2..n]) templates, are only activated for unknown and
rare words.

We follow Ratnaparkhi [173] in restricting our tagger’s search space for each lexical
item. Any word which occurs more than five times in the training data may only be
tagged with tags that occurred with that word, which Ratnaparkhi [173] refers to as a
“Tag Dictionary;” the tags for words which occur fewer than five times are unrestricted.
We implemented this restriction for both POS-tagging and shallow parsing, though in
shallow parsing the restriction is based on POS tags rather than lexical items; words
could only be tagged with those shallow chunk tags that have occurred with that word’s
POS tag. We chose to rely on POS tags in order to improve the generality of the parser,
though of course the restriction could be moved to the word itself which would decrease
the search space and thus increase the efficiency of the search. This improvement doubles
the efficiency of the tagger with no loss in accuracy; in fact, the accuracy tends to increase
slightly, which is consistent with the results shown by Ratnaparkhi [173]. We also only
extracted the orthographic features for the rare or unseen words.

CSLUt was designed such that the set of classes over which it searches is defined based
on the observed tag classes in its training set. Thus it is a simple matter to train CSLU%t
as either a POS-tagger, an NP-chunker [172], or a shallow parser [207]. In [109] we showed
that CSLUt is a competitive system in both NP-chunking and the CoNLL-2000 Chunking
task. Alternately, as mentioned above, CSLUt could also be trained as a joint POS-tagging
and shallow parsing model.

Our CSLUt tagging pipeline can be run as an unconstrained creation model, or take
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constraints (in a number of different formats) as input. Thus the first stage of our tagging
pipeline can be either a creation, combination, or selection stage. The second stage of
the CSLUt pipeline shown in Figure 3.14 (p. 87) is an extension stage, though it can
also function as a combination or selection stage. The tagging pipeline has only been
implemented as a feed-forward pipeline, although it has the capacity to function as an
iterative pipeline.

We discuss experiments using this tagger extensively in Chapters 4 and 5.

3.10.2 Charniak & Johnson Context-Free Parser & MaxEnt Reranker

Throughout this dissertation we will make extensive use of the Charniak and Johnson
parsing pipeline [44].16 This pipeline contains three stages as shown in Figure 3.15; the
first two stages, delineated by a black box in the figure, are the parsing stages (based on
the Charniak parser [41]), and the last stage is a reranker.

The parser utilizes a “coarse-to-fine” model, so the second parsing stage is more com-
plex than the first. In the parser, an input sentence is coarsely parsed based on a “vanilla”
probabilistic context-free grammar (PCFG), which outputs a parse chart to the second
stage. The second stage then prunes the entries in the chart to find the coarse-grained
states corresponding to high-probability fine-grained states, and the unpruned entries
are evaluated based on a more-complex PCFG with head-percolation and parent- and
grandparent-annotation included in the grammar. These first two stages can function
as a stand-alone parsing system. The third stage of this pipeline is the reranker, which
increases the accuracy of the output parse but also adds complexity to the training and
testing of the pipeline. The reranker trains on and takes as input an n-best list of parse
candidates from the parser, and reranks (or re-scores) each candidate set according to a
detailed feature set which uses larger context than the context-free parser. Note that the
reranker optimized the conditional likelihood of the “oracle” solution in the input n-best

lists. See Charniak and Johnson [44] for more details.

16\We gratefully acknowledge Eugene Charniak and Mark Johnson for their help with the
parser and reranker documented in their paper, and for making their code available (at
ftp://ftp.cs.brown.edu/pub/nlparser/).
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word Coarse Fine syntactic
Reranker [——
sequence Parser Parser parse

Figure 3.15: The Charniak and Johnson [44] parsing pipeline, used for empirical parsing experi-
ments throughout this dissertation.

We made substantial modifications to this code for the controlled experimentation
presented in this dissertation. We experimented with different feature sets in the reranker
stage, including features based on shallow parses extracted from each full context-free
parse, but ultimately settled on the features described in [44]. We also experimented with
maximum-margin optimization but saw very little empirical difference using this optimiza-
tion method. Finally, in order to train the reranker on very large n-best lists (1000+) and
their correspondingly large feature sets, we modified the feature representation to consume
far less memory than required by the out-of-the-box vector representation.!”

The Charniak and Johnson [44] parsing pipeline includes a creation stage, a combina-
tion stage, and a selection stage. We modified the parsing stages in this pipeline to take
a number of different types of partial-solution constraints as input. These modifications
allowed us to implement iteration in this pipeline (see Chapter 4). The final stage of the
Charniak/Johnson pipeline is the reranker, which we have noted already is a selection
stage rather than a ranking stage, since the model is evaluated only on the accuracy of
its one-best output. We modified the reranking stage to output the entire set of input
candidates, ranked according to the score calculated by the reranker model, rather than
just the top-ranked candidate. This modification will allow us to measure characteristics
of the constrained space as a whole, as well as the reranker model’s distribution over
the space (see Chapter 8). We also experimented with large-margin optimization in the
reranker, i.e., training the model as a ranking model.

We discuss experiments using this parsing pipeline extensively throughout the remain-

der of this dissertation.

7Our modifications will be made available online.
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3.10.3 Chart Cell Closure Pipeline

There have been several parsing pipelines that make use of finite-state chunkers early in
the pipeline to constrain downstream context-free parsers; imposing such constraints has
been shown to have an efficiency [95] and/or an accuracy [110] benefit. Glaysher and
Moldovan [95] demonstrated an efficiency gain by explicitly disallowing entries in chart
cells that would result in constituents that cross chunk boundaries. We [110] demonstrated
that high precision constraints on early stages of the Charniak and Johnson [44] pipeline—
in the form of base phrase constraints derived either from a chunker or from later stages
of an earlier iteration of the same pipeline—achieved significant accuracy improvements,
by moving the pipeline search away from unlikely areas of the search space. Both of
these approaches (and others, including the well-known Ratnaparkhi [175] parser) achieve
their improvements by ruling out parts of parse chart for downstream context-free parsers,
and the gain can either be realized in efficiency (same accuracy, less time) or accuracy
(same time, greater accuracy). Parts of the parse chart are ruled out just when they are
inconsistent with the output of the chunker: the constraints are a by-product of chunking.

In [181], we build classifiers that more directly address the problem of “closing” chart
cells to entries, rather than extracting this information from taggers or chunkers built for
a different purpose. We build two classifiers, which tag each word in the sequence with a
binary class label. The first classifier decides if the word can begin a constituent of span
greater than one word; the second classifier decides if the word can end a constituent of
span greater than 1. Given a chart cell (4, j) with start word w; and end word w;, where
j > 1, that cell can be “closed” to entries if the first classifier decides that w; cannot
be the first word of a multi-word constituent or if the second classifier decides that w;
cannot be the last word in a multi-word constituent. In such a way, we optimize classifiers
specifically for the task of constraining chart parsers.

We also presented a method for “closing” a sufficient number of chart cells to ensure
quadratic worst-case complexity of context-free inference. By applying such constraints
to the state-of-the-art Charniak [41] parsing pipeline, which resulted in no accuracy loss

when the constraints were applied, we provided empirical evidence to show that this O(n?)
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bound can be achieved without impacting parsing accuracy. Thus we derived and applied
finite-state constraints so as to guarantee a reduction in the worst-case complexity of
the context-free parsing pipeline from O(n3) in the length of the string n to O(n?) by
closing chart cells to entries. In [182] we extended these cell-closure methods to an exact
inference CYK parser, and proved that a different method of imposing constraints on
words beginning or ending multi-word constituents can give O(nlog?n) or O(n) worst-case
complexity.

Our cell-closure pipeline system introduced the concept of training upstream models to
directly constrain the search space of a downstream model. By taking into account some
information about the downstream stage—mnamely, that it represented its search space as
a parse chart—we were able to achieve both accuracy and efficiency gains by placing a

guaranteed limit on the complexity of the downstream search algorithm.

3.10.4 Morphological Mimic Pipeline

In [162] we investigated simulating rule-based and black-box NLP systems with stochastic
models, by creating pipelines with the non-stochastic (or black-box) systems upstream
and the stochastic models downstream. The benefit of such a mimic pipeline is in using
the stochastic models to output numeric confidence estimates for the rule-based and black-
box NLP systems. Numeric confidence estimates enable both minimum Bayes risk—style
optimization as well as principled system combination. Minimum Bayes risk inference
enables the tuning of NLP systems to tune between high precision and high recall output.
System combination can unite the complementary strengths of independent systems. Un-
fortunately, the NLP systems that we would like to optimize or combine do not always
produce weights from which confidence estimates may be calculated. In some domains,
knowledge-based systems are widely used and are effective; for example, the best stem-
ming, tokenization, and morphological analyzers for many languages are hard clustering
approaches that do not involve weights or even yield alternative analyses. For other tasks,
weights may be used system-internally, but are not immediately accessible to the end-user;

such a system is a black-box to the user.
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In our specific experiments, we simulated ParaMor [161], a rule-based system for unsu-
pervised morphology induction, with our CSLU?t statistical tagger [109, 110]. We trained
our CSLUt tagger to identify—based on output from ParaMor—for each character in a
given word, whether or not there is a morpheme boundary at that character, and for each
morpheme boundary, whether that morpheme is a stem or a suffix. The feature set used
in the tagger included just the character n-grams up to three characters on either side of
the current character'® and the unigram, bigram, and trigram morpheme-tags (i.e., tags
from the current and two previous characters). Thus CSLUt was trained directly on out-
put from ParaMor, creating a mimic system. The tagger outputs posterior probabilities,
which can serve as confidence measures for the original systems. Leveraging these new-
found confidence scores, we pursued minimum Bayes risk—style thresholding of tags (for
higher morpheme recall) as well as principled system combination approaches (for higher
overall accuracy), resulting in improved morpheme identification on a Hungarian corpus
by 5.9% absolute F-score.

Our novel concept of mimic pipelines is not, by any means, limited to morphological

analysis, and could prove beneficial in many other areas of NLP as well as other research

fields.

3.11 Summary

The goal of this chapter was to conduct a large-scale classification of existing pipeline
systems, situating each system within the pipeline framework defined by this dissertation.
Such a large-scale classification was intended to demonstrate that the framework is suffi-
cient to cover any existing pipeline system, and to provide instruction for the classification
of any future pipeline implementations.

Recall that the reasoning behind the pipeline framework for classifying pipeline systems
was that pipelines in the same classes would behave similarly under varied conditions.

Thus in the remainder of the dissertation, we will systematically vary pipeline conditions

8Thus in a word like “quickly”, the character-features for tagging the letter ‘c’ would be: ‘quic’, ‘uic’,
‘ic’, ‘e’ ‘ck’, ‘ckl’; and ‘ckly’.
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by altering characteristics of the pipeline constraints, including the accuracy, diversity,
regularity, and peakedness of the constraints. We will also use different classes of pipelines
for our empirical trials. By comparing the results of using these constraints in various
parsing pipelines for various tasks, this research will provide insight as to the influence of

constraints on pipeline performance.



Part 11

Pipeline Techniques
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One of the benefits of formalizing a framework for pipeline systems is the ability to
draw on this framework to create generalized techniques for pipeline improvement. The
next two chapters of this dissertation present techniques for improving a pipeline by using
different message-passing strategies (Chapter 4), and by changing how models in the
pipeline interact with other models (Chapter 5). While the empirical results are presented

for parsing pipelines, we will emphasize the generalizable nature of these techniques.



Chapter 4

Pipeline Iteration

This chapter presents pipeline iteration,' a general pipeline technique inspired by the
iterative class of pipelines presented in Chapter 2. The basic idea of pipeline iteration is
to use constraints derived from the output of later stages in a pipeline to focus the search
in earlier stages during subsequent iterations of the pipeline. Results will show that such
a strategy can be used to improve the accuracy of a pipeline.

We investigate pipeline iteration within the context of the Charniak and Johnson [44]
parsing pipeline, by constraining parses to be consistent with a set of base phrases (which
will be defined in Section 4.2). The Charniak [41] parsing pipeline has been extensively
studied over the past decade, with a number of papers focused on improving early stages of
the pipeline [42, 34, 26, 102, 45] as well as many focused on optimizing final parse accuracy
[41, 44, 153]. This focus on optimization has made system improvements very difficult to
achieve, yet our relatively simple technique yields statistically significant improvements,

making pipeline iteration a promising approach for other tasks.

4.1 Iterated Constraints

It may seem surprising that later stages, already constrained to be consistent with the
output of earlier stages, can profitably inform these same earlier stages during a second
pass through the pipeline. However, the richer models used in later stages of a pipeline
provide a better distribution over the subset of possible solutions produced by the early

stages, effectively resolving some of the ambiguities that account for much of the original

"Much of the work in this chapter was published in ACL’07 [110].
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.

Figure 4.1: Two Venn diagrams, representing (i) constraints derived from later stages of an
iterated pipelined system; and (ii) constraints derived from a different model.

variation. If an earlier stage is then constrained in a second pass not to vary with respect
to these resolved ambiguities, it will be forced to find other variations, which may include
better solutions than were originally provided.

To give a rough illustration, consider the Venn diagrams in Figure 4.1. In Figure 4.1(i),
set A represents the original subset of possible solutions passed along by the earlier stage,
and the dark shaded region represents high-probability solutions according to later stages.
If some constraints are then extracted from these high-probability solutions, defining a
subset of solutions (S) that rule out some of A, the early stage will be forced to produce
a different set (B). Constraints derived from later stages of the pipeline focus the search
in an area believed to contain high-quality candidates.

Another scenario is to use a different model altogether to constrain the pipeline. In
this scenario, represented in Figure 4.1(ii), the other model constrains the early stage to be
consistent with some subset of solutions (S), which may be largely or completely disjoint
from the original set A. Again, a different set (B) results, which may include better results
than A. Whereas when iterating we are guaranteed that the new subset S will overlap
at least partially with the original subset A, that is not the case when making use of

constraints from a separate model.

4.2 Base Phrases

In this section we will define base phrases. Following Ratnaparkhi [175], we define a

base phrase as any parse node with only preterminal children (review Section 3.3.2 for
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S
NP VP
N‘N Nl‘\TS VBD PP
Stock  prices ro‘se IN/\NP [NP Stock prices|
| P [VP rose]
in JJ NN [NP Stock prices] | [PP in]
\ \ [NP light trading] | [NP light trading]
light trading
Full-Parse Tree Base Phrases Shallow Chunks

Figure 4.2: The base phrases (center) and shallow chunks (right) as extracted from a full-parse
tree (left). Note that neither the S, the VP, nor the PP nodes in the full parse qualify as base
phrases because they each have at least one non-preterminal child.

terminology definitions). Unlike the “shallow chunks” defined for the CoNLL-2000 Shared
Task [207], base phrases correspond directly to constituents that appear in full (context-
free) parses, and hence can provide a straightforward constraint on edges within a chart
parser. In contrast, shallow chunks collapse certain non-constituents—such as auxiliary
chains—into a single phrase, and therefore are not directly applicable as constraints on a
chart parser. Figure 4.2 compares the set of base phrases (center) versus the set of shallow
chunks (right) which would be extracted from the full parse tree (left).

We have two systems capable of producing base-phrase annotations for a string. One
is our CSLUt shallow parser (see Section 3.10.1 for a full system description), which we
trained on base phrases extracted from the Penn Wall St. Journal (WSJ) Treebank [150].
The treebank trees are pre-processed identically to the procedure for training the Charniak
parser, e.g., empty nodes and function tags are removed. The second is the Charniak and
Johnson [44] parsing pipeline (see Section 3.10.2 for a full system description); we extracted
base phrases from the full-parse tree output, via a simple script to extract nodes with only
preterminal children. Note that the second-stage parser and the final-stage reranker both
output full-parse trees from which we can extract base phrases.

Table 4.1 shows the bracketing accuracy of the CSLUt shallow parser and the Char-
niak/Johnson full parser on both the base phrase and shallow chunking tasks for WSJ

section 24; each system was trained on WSJ sections 02-21. In the table we report on the
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Base Shallow

Parser Phrases | Chunks
Charniak and Johnson [44] parser-best 91.9 94.4
reranker-best 92.8 94.8
CSLUt shallow parser 91.7 94.3

Table 4.1: F-scores on WSJ section 24 of output from two parsers on the similar tasks of base-
phrase parsing and shallow chunking. For evaluation of the Charniak/Johnson full parser, base
phrases and shallow chunks are deterministically extracted from the full-parse output via a simple
extraction script.

parser-best and reranker-best parses; parser-best is an intrinsic, mid-pipeline evaluation of
the parse ranked highest by the parsing model, and reranker-best is an extrinsic pipeline-
final evaluation of the parse ranked highest by the reranking model. From this table we
can see that base phrases are substantially more difficult than shallow chunks to annotate.
Output from the CSLUt shallow parser is roughly as accurate as output extracted from
the Charniak parser-best trees, though a fair amount below output extracted from the
reranker-best trees.

In addition to using base phrase constraints from these two sources independently,
we also looked at combining the predictions of both to obtain more reliable constraints.

Section 4.4 presents two methods of combining output from multiple parsers.

4.2.1 To Constrain a Parser

In order to constrain a parser with base phrases, as defined in the previous section, we re-
quire full parses to be consistent with the base-phrase tree provided as input to the parser,
i.e., any valid parse must contain all of the base-phrase constituents in the constraining
tree. The full-parse tree in Figure 4.3(b), for example, is consistent with the base-phrase
tree in Figure 4.3(a). Implementing these constraints in a parser is straightforward, one
of the advantages of using base phrases as constraints. Since the internal structure of base
phrases is, by definition, limited to preterminal children, we can constrain the entire parse
by constraining the parents of the appropriate preterminal nodes. For any preterminal
that occurs within the span of a constraining base phrase, the only valid parent is a node
matching both the span (start and end points) and the label of the provided base phrase.

All other parent-nodes proposed by the parser are rejected. In such a way, for any parse
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(a) (b)
S
ROOT /\
NP VP
DT NN
NP VBD NP NP | |
PR | N \ VBD NP NP
DT NN «ld DT NNS NN the broker | P |
\ \ \ \ \ sold DT NNS NN
the broker the stocks yesterday \ \ \
the stocks yesterday

Figure 4.3: Base-phrase tree (a) as produced to constrain a parser and full-parse tree (b) consistent
with the constraining base-phrase tree (a).

to cover the entire string, it would have to be consistent with the constraining base-phrase
tree.

Words that fall outside of any base-phrase constraint are unconstrained in how they
attach within the parse. Thus a constrained full-parse tree might contain more base
phrases than were in the constraint set; i.e., the base phrases in the constrained output
may actually be a superset of the base-phrase constraint set. Note also that a smaller set
of constraints will result in a larger search space downstream, so a base-phrase tree with
few words covered by base phrases will be less constraining than a base-phrase tree with

many words covered by base phrases.

4.3 Base-Phrase—Constrained Results

For the experiments reported in this chapter we use the Charniak and Johnson [44] state-
of-the-art parsing pipeline, which we summarize briefly here but described in-depth in
Section 3.10.2. The well-known coarse-to-fine parser [41] is a two-stage parsing pipeline,
in which the first stage uses a vanilla PCFG to populate a chart of parse constituents. The
second stage, constrained to only those items in the first-stage chart, uses a refined gram-
mar to generate an n-best list of parse candidates. Charniak and Johnson [44] extended
this pipeline with a discriminative MaxEnt model to rerank the n-best parse candidates,

deriving a significant benefit from the richer model employed by the reranker. Following
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Charniak and Johnson [44], we set the parser to output 50-best parses for all experiments
described below.

Unless stated otherwise, all reported results will be F-scores on WSJ section 24 of the
Penn WSJ Treebank, which was our development set. Training data was WSJ sections
02-21, with section 00 as heldout data. Crossfold validation (20-fold with 2,000 sentences
per fold) was used to train the reranker for every condition. Evaluation was performed
using evalb under standard parameterizations (see Section 3.3.2). WSJ section 23 was
used only for final testing and statistical significance is only reported for that section.

For our experiments, we modified the Charniak/Johnson parser to allow us to op-
tionally provide base-phrase trees to constrain the first stage of parsing: during chart
construction, we disallow any constituents that conflict with the constraints, as described
in detail in Section 4.2.1. In our approach, we constrained the parser with base phrases
but put no restrictions on the preterminal labels, even within the base phrases. We also
normalized for punctuation. In the rare cases where the parser failed to find a valid parse
with the constraints, we lifted the constraints and allowed any parse constituent originally
proposed by the first stage of the parser.

Our experiments will demonstrate the effects of constraining the parser under several
different conditions. First, we present results without any constraints on the parser, as
our baseline condition. Next, we consider two possible sources of base phrase constraints:
(1) the base phrases extracted from the full-parse output of the reranker; and (2) the base
phrases output by the CSLUt shallow parser.

For each of our experimental conditions we constructed a simple parsing pipeline, as
shown in Figure 4.4. Note that at the core of each of our pipelines is the Charniak and
Johnson [44] coarse-to-fine parser and MaxEnt reranker (the shaded stages in the pipelines

in Figure 4.4), with the reranker always as the pipeline-final stage.

Unconstrained

For our baseline system, we run the Charniak and Johnson [44] parser and reranker with
default parameters. Treebank-tokenized text is input to the parser and, as mentioned

previously, 50-best parse candidates are outputs to the reranker.
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Figure 4.4: Experimental conditions to test the pipeline iteration technique: (a) baseline, uncon-
strained pipeline; (b) classic iterated pipeline; and (c) constrained, non-iterated pipeline.

Reranker-constrained

We use the reranker-constrained condition to examine the effects of pipeline iteration,
with no input from other models outside the pipeline. Taking the reranker-best full parse
as output under the condition of unconstrained search, we extract the corresponding base-
phrase tree and make a second pass through the parsing pipeline, now with base-phrase
constraints from the reranker. The pipeline for this experimental condition is shown in

Figure 4.4(Db).

CSLUt-Constrained

The CSLUt-constrained condition provides a comparison point of non-iterated constraints.
Under this condition, the one-best base-phrase tree output by the CSLUt shallow parser

is input as a constraint to the Charniak parser. We run the parser and reranker as before,
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Parser | Reranker | Oracle Base-Phrase
Constraints Best Best Best R P F
Baseline (Unconstrained) 88.9 90.2 96.0 = - -
Reranker-constrained 89.6 90.5 95.1 92.2 | 93.3 | 92.8
CSLUt-constrained 88.4 89.5 94.1 91.3 | 92.0 | 91.7

Table 4.2: Full-parse F-scores on WSJ section 24. The unconstrained search (first row) provides
a baseline comparison for the effects of constraining the search space. The bottom two rows
demonstrate the effect of two different sources of constraints; the last three columns show the
recall (R), precision (P), and F-score (F) of the constraints produced for each condition.

now constrained by output from the shallow parser, as shown in Figure 4.4(c). Note that
this condition is mot an instance of pipeline iteration; however, we include this condition
to conclusively demonstrate that any performance improvements are not due simply to
the use of base-phrase constraints, but rather from using pipeline iteration to derive the

constraints.

The effects of constraining the parser under these various conditions are shown in Table
4.2. We evaluated the one-best parse candidates before and after reranking (parser best
and reranker best, respectively), as well as evaluating for the best-possible F-score in the
n-best list (oracle best). The labeled recall, precision, and F-score accuracy of each set of
base-phrase constraints are shown in the last three columns of the table.

Constraining the parser to the base phrases produced by the reranker provides a 0.7
percent improvement in the parser-best accuracy, and a 0.3 percent improvement after
reranking. Constraining the parser to the base phrases produced by the CSLUt shallow
parser (CSLUt-constrained) hurts performance by half a point.

The oracle rate decreases under all of the constrained conditions as compared to the
baseline, demonstrating that the parser was prevented from finding some of the best solu-
tions that were originally found. However, the improvement in parser-best and reranker-
best F-score, under all conditions except the non-iterated CSLUt constraints condition,
shows that the iterated constraints assisted the parser in achieving high-quality solutions
despite this degraded oracle accuracy of the lists. Furthermore, the fact that the parser-
best F-score increased under all iterated conditions indicates that we have resolved either

search or model errors (defined on p. 34); results later in the chapter (Section 4.5.2) will
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help us to tease apart the differences in the types of errors resolved by the pipeline iteration

technique.

4.4 Combining Parser n-best Lists

Let us now take a brief side-trip to examine two different methods of combining parser
outputs; we will return to results in Section 4.5. The first method is to simply take the
union of two n-best lists. The second is more complex, recombining the elements of each
tree in the n-best lists to create new parses that may not have existed in the original

n-best lists.

4.4.1 Union

We take the union of two n-best lists of parse candidates as a straightforward set union.
The only noteworthy step of the union operation is in calculating the scores of the duplicate
candidates, i.e., the parse candidates which were in each of the original lists. Since the
score of a candidate has been shown to be a highly-informative feature for a downstream
reranker [44, 68], we used Equation 4.1 to mix the scores from each source.

Let 7 be the set-union of the two n-best lists. For all trees T' € 7, let P1(T") be the
probability of T in the first n-best list, and Py(7T") the probability of T" in the second n-best
list. Then, we define P(T") as follows:

_ (@) Py(T)
TS TS P -y
TeT T'eT

where the parameter « dictates the relative weight of P; versus Po in the combination.
Since Py and Py are normalized in this equation, they are not required to be true prob-
abilities. Furthermore, the output of this equation will also not necessarily be a true
probability, since « can range from [—oo, 0c]. Clearly, larger a values place more weight
on the scores from the first n-best list, while smaller o values place more weight on the

second n-best list.
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4.4.2 Recombination

In this section we explore a more complex method of combining sets of parse candidates,
which we term recombination.

In order to select high-likelihood constraints for the pipeline, we may want to extract
annotations with high levels of agreement (“consensus hypotheses”) between candidates.
In addition, we may want to favor precision over recall to avoid erroneous constraints
within the pipeline as much as possible. Here we discuss how a technique presented in
Goodman’s thesis [100] can be applied to do this.

We will first present this within a general chart parsing approach, then move to how
we use it for n-best lists. Let 7 be the set of trees for a particular input, and let a parse
T € T be considered as a set of labeled spans. Then, for all labeled spans X € T, we can

calculate the posterior probability v(X) as follows:

POX e Tl where [X €T] = bibxer (4.2)

7(X)
TeT > et P(T") 0 otherwise.

Note P is normalized in Equation 4.2, such that the posterior probability ~ is a true
probability.
Goodman [98, 100] presented a method for using the posterior probability of con-

stituents to maximize the expected labeled recall of binary branching trees, as follows:
T = argmax Z 7(X) (4.3)

Essentially, find the tree with the maximum sum of the posterior probabilities of its
constituents. This is done by computing the posterior probabilities of constituents in
a chart, typically via the Inside-Outside algorithm [10, 138], followed by a final CYK-like
pass to find the tree maximizing the sum.

Now we will discuss how to use this approach to recombine n-best output from mul-
tiple parsers. For simplicity, we will here discuss the combination of two n-best lists,
though it generalizes in the obvious way to an arbitrary number of lists. To perform this
combination, we construct a CYK chart of each constituent in each parse from each of the

n-best lists. For all labeled spans X € T" in the CYK chart, we can calculate the posterior
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probability v(X) as in Equation 4.2 then extract from the chart the maximum-scoring
tree.

For our experiments in this chapter, we combined two n-best lists of base-phrase trees
using Equation 4.2. Even though there is no hierarchical structure in base-phrase anno-
tations, they can be represented as flat trees, as shown in Figure 4.5(a). We constructed
a CYK chart from the two lists being combined, using Equation 4.1 to define P(T") in
Equation 4.2.

We wish to consider every possible combination of the base phrases, so for the final
CYK-like pass to find the argmax tree, we included rules for attaching each pretermi-
nal directly to the root of the tree, in addition to rules permitting any combination of
hypothesized base phrases. Thus we allowed any combination of constituents that re-
sults in a tree—even one with no internal structure. Consider the trees in Figure 4.5.
Figure 4.5(a) is a shallow parse with three NP base phrases; Figure 4.5(b) is the same
parse where the ROOT production has been binarized for the final CYK-like pass, which
requires binary productions. If we include, in the CYK chart, productions of the form
‘ROOT — X ROOT’ and ‘ROOT — X Y’ for all non-terminals X and Y (including POS
tags), then any tree-structured combination of base phrases hypothesized in either n-best

list will be allowed, including the one with no base phrases at all.?

Precision/Recall Tradeoff Decoding

Recall that Equation 4.3 uses the posterior probability of constituents (Equation 4.2) to
maximize the expected labeled recall of binary branching trees; in strictly binary branching
trees recall and precision are equivalent. For non-binary branching trees, where precision
and recall may differ, Goodman [100, Ch. 3] proposed the following combined metric for

a precision/recall tradeoff:

~

T = argmax Z (v(X) =) (4.4)
XeT

2For the purpose of finding the argmax tree in Equation 4.4, we only sum the posterior probabilities of
base-phrase constituents, and not the ROOT symbol or POS tags.
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Figure 4.5: Base-phrase trees (a) as produced for an n-best list and (b) after root-binarization
for n-best list combination.
where A ranges from 0 to 1. Setting A=0 is equivalent to Equation 4.3 and thus optimizes
recall, and setting A=1 optimizes precision, as shown below.?

The following is a formal derivation of the precision/recall tradeoff method. Recall
that 7 is the set of trees for a particular input, and each T' € 7 is considered as a set of
labeled spans. If 7 is the reference tree, the labeled precision (LP) and labeled recall (LR)

of a T relative to 7 are defined as

T T
Tnr . _ 707

LP =
T 7]

(4.5)

where |T'| denotes the size of the set T.

A metric very close to labeled recall (LR) is |T'N 7|, the number of nodes in common
between the tree and the reference tree. To maximize the expected value (€) of this metric,
we want to find the tree T as follows:

T = arjgngaXE [\Tﬂﬂ}
e S PAOTAT
B 2 S e P
P(T") Y xer[X € T']
fer  Zarver PIY)

P(T[X € T']
= argmax _
PPN e

= argmax
TeT

3Note that our notation differs slightly from that in [100], though the approaches are formally equivalent.
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= argmax Z 7(X) (4.6)

This exactly maximizes the expected labeled recall in the case of binary branching trees,
and is closely related to labeled recall for non-binary branching trees. Similar to maxi-
mizing the expected number of matching nodes, we can minimize the expected number of

non-matching nodes, for a metric related to labeled precision (LP):
T = argmin& [|T| - |Tﬂ7|}
TeT
= argmaxé’[T T| — T}
g (7 — |7
P ITOT'| - |T1)
T T ZT”ETP(T”)
P(T’ XeT]-1
= e 5 2T Sxer[X €T - )

o 2 ET//GTP@")

— argmax Y 3 PENAX TS

TeT xecrrier ZT”GT ()

= argmax Z (4.7)

XeT

= argmax
TeT

Finally, we can combine these two metrics in a linear combination. Let A be a mixing

factor from 0 to 1. Then we can optimize the weighted sum:

T = argmaxé’[(l— ]Tﬂ7‘|+)\|TnT| \T|)}

TeT
= arjgngaX (1- [|Tﬂ7'|] + A€ [\Tﬂr! |T|}
= argmax [(1 - (X A (v(x) - 1)]
TeT Xer Xer
= argmax Z (4.8)

TeT XeT

The result is a combined metric for balancing precision and recall. Note that, if A=0,
Equation 4.8 is the same as Equation 4.6 and thus maximizes labeled recall; and if A=1,
Equation 4.8 is the same as Equation 4.7 and thus maximizes labeled precision. Thus, A
functions as a mixing factor to balance recall and precision.

If we use this precision/recall tradeoff method to recombine n-best lists of base phrase

trees, we can set \ to prefer precision over recall. Doing so will produce trees that only
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Figure 4.6: The tradeoff between recall and precision using a range of A values (Equation 4.4)
to select high-probability annotations from an n-best list. Results are shown on 50-best lists of
base-phrase parses from two parsers, and on the combination of the two lists.

include a small number of high-certainty constituents and leave the remainder of the string
unconstrained, regardless of whether such “high-certainty” trees were candidates in the
original n-best base-phrase lists.

Figure 4.6 shows the results of performing this precision/recall tradeoff method on
three separate n-best lists: the 50-best list of base-phrase trees extracted from the full-
parse output of the Charniak/Johnson reranker [44]; the 50-best list output by the CSLUt
shallow parser [109]; and the weighted combination of the two lists at various values of
A in Equation 4.4. For the combination, we set a=2 in Equation 4.1, with the reranker
providing Pq, effectively giving the reranker twice the weight of the shallow parser in
determining the posteriors. The shallow parser has perceptron scores as weights, and the
distribution of these scores after a softmax normalization was too peaked to be of utility,
so we used the normalized reciprocal rank of each candidate as P, in Equation 4.1.

We point out several details in this graph. First, using this method does not result
in an F-measure improvement over the Viterbi-best base-phrase parses (shown as solid
symbols in the graph) for either the reranker or the CSLUt shallow parser. Also, using
this model effects a greater improvement in precision than in recall, which is unsurprising
with these non-hierarchical annotations; unlike full parsing (where long sequences of unary

productions can improve recall arbitrarily), in base-phrase parsing, any given span can
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have only one non-terminal. Finally, the combination of the two n-best lists improves
over either list in isolation; despite the fact that the CSLUt shallow parser consistently
underperforms as compared to the full-parser reranker, the CSLUt output still contributes

to improvements in the combination of the two systems.

4.5 Combination-Constrained Results

In this section we experiment with two different methods of combining constraints from

different sources.

4.5.1 Recombined Constraints

In this section we explore the utility of constraining our parsing pipeline with a com-
bination of the output from the shallow parser and the reranker, combined using the
techniques outlined in Section 4.4.2. The recombined constraints condition is designed
to compare the effects of generating constraints with different precision/recall character-
istics, i.e., different A parameters in Equation 4.4. For this experimental condition, we
extract base-phrase trees from the n-best full-parse trees output by the reranker. We then
recombine this list with the n-best list output by the CSLUt shallow parser, exactly as
described in Section 4.4.2, again with the reranker providing P; and =2 in Equation 4.1.
The pipeline for this condition is shown in Figure 4.7. We examined a range of operat-
ing points from A=0.4 to A=0.9, and report two points here (A=0.5 and A=0.9), which
represent the highest overall accuracy and the highest precision, respectively.

We see from Table 4.3 that combining the two base-phrase n-best lists to derive the

constraints provides significant improvements when A=0.5, to a total improvement of

base-phrase trees

Shallow Coarse Fine full
— — —>| Reranker parse
Parser Parser Parser trees

Figure 4.7: Recombining constraints from iterated and non-iterated sources.
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Parser | Reranker | Oracle Base-Phrase
Constraints Best Best Best R P F
Baseline (Unconstrained) 88.9 90.2 96.0 - - -
Combo-constrained (A=0.5) | 89.8 90.7 95.4 92.2 | 94.1 | 93.2
Combo-constrained (A=0.9) | 89.3 90.4 95.9 81.0 | 97.4 | 884

Table 4.3: Full-parse F-scores on WSJ section 24. The unconstrained search (first row) provides
a baseline comparison for the effects of constraining the search space. The bottom two rows
demonstrate the effect of recombined constraints; the last three columns show the recall (R),
precision (P), and F-score (F) of the constraints produced for each condition.

0.9 and 0.5 percent over parser-best and reranker-best accuracy, respectively. We also
see that performance degrades at A=0.9 relative to A=0.5. There are two interesting
conclusions to be drawn from this result. Firstly, the A=0.9 condition reaches a higher
level of precision than the A=0.5 condition, by design, as shown in the precision column
(P) of Table 4.3. We had originally hypothesized that using just high-precision (high-
confidence) constraints would result in improved downstream performance. Secondly,
recall that optimizing for precision (by setting A close to 1) will only allow a small number
of constituents to be included in the constraint set. Therefore, the A=0.5 condition actually
places more constraints on a downstream search space than the A=0.9 condition. This
performance degradation at A=0.9, then, tells us that, even at a lower precision, having

more constraints is beneficial to downstream performance.

4.5.2 Unioned Constraints

When making a second pass through this pipeline, the original n-best list of full parses,
output from the unconstrained parser, is available at no additional cost. Thus, our final set
of experimental conditions investigate taking the union of constrained and unconstrained
n-best lists. Imposing base-phrase constraints can result in candidate sets that are largely
(or completely) disjoint from the unconstrained sets, and it may be that the unconstrained
set is in many cases superior to the constrained set. Even our high-precision constraints
did not reach 100% precision (as shown in Figure 4.6 and in Table 4.3), attesting to the
fact that there was some error in all constrained conditions. By constructing the union of
the two n-best lists, we can take advantage of the new constrained candidate set without

running the risk that the constraints have resulted in a degraded n-best list. Figure 4.8
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Figure 4.8: Unioning an n-best list of parses output by an unconstrained parser in the first pass
through the pipeline (top) with an n-best list of parses output by a constrained parser in the
second pass (bottom); the unioned list is then input to the reranker at the final stage.

shows a union pipeline constructed for our next set of experiments; note where the full-
parses output by the unconstrained parser in the first pass (top) is unioned with the
constrained output in the second pass (bottom). We take a straightforward set union of
the two n-best lists, and since the parser probabilities are produced from the same model
in both passes, the scores of each candidate in the two n-best lists are directly comparable.

Table 4.4 shows the results when taking the union of the constrained and unconstrained
lists prior to reranking. Several interesting points can be noted in this table. First, note
that taking the union results in an increase in parser-best accuracy over the baseline
unconstrained list, under all constraints conditions. This difference tells us that the base-
phrase constraints did cause some search errors, but also resolved other search errors.
Recall that search errors occur when there is a higher-scoring candidate (according to the
model) excluded from the search space. By looking at the unioned list of constrained
and unconstrained parses, we can see that the parsing model did indeed rank some of
the unconstrained parse candidates higher. If the parser-best F-score of the unioned lists
was exactly the same as the unconstrained lists, then we would know that the parsing
model had ranked all of the constrained parses lower than the unconstrained, which is
clearly not the case. Conversely, we also know that the parsing model did not rank all of
the constrained parses higher than the unconstrained, since the parser-best F-score of the
unioned list differs from the constrained list. Since the unioned F-scores fall in-between the

constrained and unconstrained set, we know that in some cases the base-phrase constraints
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Parser | Reranker | Oracle #
Constraints Best Best Best Cand.
Baseline (Unconstrained, 50-best) 88.9 90.2 96.0 47.9
Unconstrained U Reranker-constrained 89.2 90.6 96.5 70.3
Unconstrained U CSLUt-constrained 89.4 90.3 96.6 74.9
Unconstrained U Combo (A=0.5) 89.3 90.8 96.5 69.7
Unconstrained U Combo (A=0.9) 89.0 90.4 96.4 62.1
Unconstrained (100-best) 88.8 90.1 96.4 95.2
Unconstrained (50-best, beamx2) 89.0 90.5 96.1 48.1

Table 4.4: Full-parse F-scores on WSJ section 24 after taking the set union of unconstrained and
constrained parser output under the 4 different constraint conditions. Also, F-score for 100-best
parses, and 50-best parses with an increased beam threshold, output by the Charniak parser under
the unconstrained condition.

prevented the parsing model from selecting its preferred candidates: thus, the constraints
caused search errors. In other cases, the base-phrase constraints resolved search errors
caused in the parsing model itself; the parser itself imposes a number of internal search
constraints [34, 41, 44, 26], so the base-phrase constraints can actually correct for those
internal-search errors by focusing the search in other areas. Taking the union of the
constrained and unconstrained parses allows us to recover from the search errors; high-
scoring full-parse candidates which were excluded by either the base-phrase constraints or
the parser-internal search constraints are all included in the unioned n-best list for input
to the reranker.

Second, by comparing the results from this table to those in Table 4.2, we can see that
the parser-best F-score of the unioned lists is lower than the output from the constrained
iteration alone. This tells us that the base-phrase constraints corrected model errors,
where the highest-scoring candidate (according to the model) is not the best candidate
(according to the reference). Model errors occur frequently, as is apparent from the differ-
ence between the oracle-best F-score and either the parser-best or reranker-best F-scores
in Tables 4.2 and 4.4. However, the fact that the parser-best accuracy decreased after
taking the union, but remains higher than the unconstrained accuracy, tells us that some
of the constrained candidates with lower parser-probability are actually more accurate
than competing unconstrained candidates with higher parser-probability. Thus, by using

the constraints to prevent the parser from selecting its preferred candidate we were able
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to guide the search area such that the parser selected higher-accuracy candidates.

Third, let us address the results of using the CSLUt (non-iterated) constraints in
row 3 of Table 4.4. Despite the fact that the CSLUt-constrained condition hurts perfor-
mance in Table 4.2, the union provides a 0.5 percent improvement over the baseline in the
parser-best performance. Surprisingly, even though this set provided the highest parser-
best and oracle-best F-score of all of the union sets, it did not lead to significant overall
improvements after reranking. This is a puzzling result: by conventional wisdom, the
highest-accuracy constraints (according to the mid-pipeline intrinsic evaluation) and/or
the dataset with the highest oracle rate should result in the best pipeline-final solution.
Thus we suspect that in order to predict effects on downstream performance, we will need
to consider more than just the accuracy rates of a dataset. Chapter 6 will explore and
expose some generally accepted ideas about accuracy and oracle rates in pipeline systems.
Chapters 7 and 8 will examine several other characteristics of constraints in a pipeline
system, and we will find that some of these characteristics explain this puzzling result;
furthermore, we will also present techniques to correct for these detrimental characteris-
tics.

Finally, the number of unique candidates in the unioned lists, as shown in the last
column of Table 4.4, also provide some clues as to the effects of the constraints under
the different conditions. The CSLUt-constrained unioned list contains the largest number
of unique parse candidates, indicating that the CSLUt constraints resulted in a set of
candidates that is the most disjoint from the original unconstrained parser. This result is
perhaps unsurprising, since all of the iterated constraints use, to some extent, information
already influenced by the unconstrained parser output. However, we might have expected
that the more “diverse” set of candidate would have improved downstream performance,
which was not the case here. Chapter 7 will examine this notion of diversity in a constraint
set more systematically to determine its effects. The A=0.5 and A=0.9 unioned lists differ
in size by about 7.5 candidates; the A=0.9 condition results in fewer candidates under
the union, though still more than in the original unconstrained list. There are fewer
constraints in the high-precision condition, so the resulting n-best lists do not diverge as

much from the original lists, leading to less of a difference between the unioned list and
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the constrained and unconstrained lists. However, even these few constraints do result in
a change in the output of the parser.

In order to demonstrate that the gains in performance should not be attributed to
increasing the number of candidates nor to allowing the parser more time to generate the
parses, we included two more unconstrained baseline systems, shown in the last two rows
of Table 4.4. The penultimate row in the table shows the results with 100-best lists output
in the unconstrained condition, which does not improve upon the 50-best performance,
despite an improved oracle F-score. We also compare against output obtained by doubling
the beam threshold of the coarse-parser, since the second iteration through the parsing
pipeline clearly increases the overall processing time by a factor of two. As shown in the
last row of Table 4.4, doubling the beam threshold yields an insignificant improvement
over the baseline despite a large processing burden.

We applied our best-performing model (Unconstrained U Combo, A=0.5) to the test
set, WSJ section 23, for comparison against the baseline system. Our mixed-constraint,
unioned-parses pipeline improved over the baseline on WSJ 23 by 0.4 absolute F-score;
from 91.1 to 91.5, which is statistically significant at p < 0.001, using the stratified shuffling
test [215].

4.6 Multiple Iterations and Convergence

The pipeline iteration technique introduced in this chapter could easily be repeated for
multiple iterations. In fact, we experimented with using the output from the second pass of
the pipeline to constrain a third pass, but found that this additional iteration did not yield
further improvements. However, something can be said about the convergence properties
of an iterated pipeline.

An iterated parsing pipeline, set up as described in this chapter with base phrases as
constraints input to the context-free parser which generates n-best lists input to the final
reranking stage, will converge in at most w iterations, where w is the length of the input

string. To see that this is the case, consider the following:

1. Base phrase constraints as implemented in this chapter are hard constraints; once a
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base phrase is selected as a constraint, that phrase must necessarily occur in every

parse output by the parser (and thus by the reranker as well).

2. If a base phrase occurs in every parse in an n-best list, then the conditional proba-
bility of that base phrase is 1. Regardless of the parameters selected for the preci-
sion/recall tuning algorithm, a constraint with probability 1 will be included in the

constraint set.

3. Thus, base phrase constraints, once selected, will be retained in each successive

iteration through the pipeline.
Furthermore,

1. Each base phrase must cover at least one word in an input sentence, and each word
can be covered by at most one base phrase, since base phrases are non-hierarchical

and non-overlapping.

2. Thus, the maximum number of base phrase constraints produced for any given sen-

tence is w, where w is the length of the sentence.

3. If just one base phrase constraint were added after each iteration, then the pipeline

would converge in w iterations.

This proof places an upper bound on the maximum number of iterations required to con-
verge; in practice, base phrases typically cover more than one word, and do not cover every
word in a sentence. Note that we make no guarantees about the empirical performance
that might be observed at convergence, only that the constraint set extracted from the

pipeline-final stage will remain constant after at most w iterations.

4.7 Conclusion

In this chapter we implemented an iterated parsing pipeline, and demonstrated that the
generic technique of pipeline iteration can be useful in improving system performance,
by constraining early stages of the pipeline with output derived from later stages. In

Section 4.3 we compared the results of non-iterated constraints with iterated constraints,
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and found that the iterated constraints typically performed better. In Section 4.4.2 we
used the precision/recall tradeoff method from Goodman’s [100] thesis allowed us to vary
the amount of constraints placed on the early stages of the pipeline. The results in
Section 4.5.1 showed that heavily-constrained parses outperformed the less-constrained
parses from using only high-confidence (high-precision) constraints.

Our best results were achieved by taking the union of unconstrained parses and rela-
tively heavily-constrained parses as input to the final reranking stage of the pipeline. How-
ever, taking the union of n-best lists also allowed us to analyze whether the base-phrase
constraints were affecting search errors and model errors in the pipeline. In Section 4.5.2
we found that, indeed, the constraints did cause some search errors but also resolved other
search errors caused by internal thresholds in the parsing model itself. We also determined
that the constraints were also able to resolve model errors in the parser. Thus this work
has shown that constraints are not necessarily harmful to the accuracy of a pipeline.

While the current work made use of a particular kind of constraint—base phrases—
many others could be extracted as well. Preliminary results extending the work presented
in this chapter show parser accuracy improvements from pipeline iteration when using
constraints based on an unlabeled partial bracketing of the string. Higher-level phrase
segmentations or fully specified trees over portions of the string might also prove to be
effective constraints. Furthermore, the techniques shown here are by no means limited to

parsing pipelines, and could easily be applied to pipeline systems in other fields.



Chapter 5

Model Interaction

In the previous chapter we explored the utility of prefixing a finite-state parser onto
the beginning of a context-free parsing pipelines. This technique, of placing a model of
lower complexity upstream of a higher-complexity model in the pipeline, is the traditional
method for constructing a pipeline. And in fact, this technique is necessary to maintain the
efficiency benefit of the pipeline architecture. However, in this chapter' we will upset this
accepted practice, by exploring the effects of placing a higher-complexity (context-free)
model upstream of a lower-complexity (finite-state) model. Our results will demonstrate
how much accuracy is sacrificed for efficiency in more traditional architectures, establishing
that combining the output of context-free and finite-state parsers gives much higher results
than the previous-best published results, on several common shallow parsing tasks.

In addition to demonstrating the accuracy benefits that can be achieved by combining
these two parsers, we will also experiment with different methods for system-combination
and their effects on pipeline performance. Specifically, we will examine: (1) generating
a constraint space as n-best sequences or lattices; (2) weighted and unweighted system
combination; and (3) test-time versus train-time constraints. The traditional argument
is that when training a statistical model, one must match the training conditions to
the testing conditions (c.f. [184]). Thus, for example, in training a perceptron model
(discussed in Section 3.1.5, p. 47), we use unseen data as heldout during training, to
replicate the unseen test data and to prevent over-training on the training data [65].

Cross-validation is performed to ensure that the models are not tested on training data.

'Part of the work in this chapter was published in EMNLP’05 [109)].

120
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However, in this chapter we demonstrate surprising results wherein altering the test-time
conditions from train-time conditions had a positive impact on performance. Much of the
work in subsequent chapters of this dissertation is motivated by these surprising results,

to understand the results as a step towards understanding pipeline systems.

5.1 Finite-State vs Context-Free Parse Trees

Finite-state parsing (also called chunking or shallow parsing) has typically been moti-
vated as a fast first-pass for—or approximation to—more expensive context-free parsing
[1, 172, 2]. Finite-state parsing provides useful syntactic annotations of text (although the
annotations may not be as rich as those obtained from a context-free parser). Figure 5.1
demonstrates the different between (a) a full parse tree and (b) a shallow parse tree. Note
that the shallow parse tree is non-hierarchical, and thus can be represented as a sequence
of tags, as shown in Figure 5.1(c). Here we follow established conventions [172, 207, 194] of
marking each word as either beginning a chunk (‘B’), being inside of a chunk (‘I’), or being
outside of any chunk (‘O’). For tasks which use multiple chunk-types, i.e., noun phrases
(NP), verb phrases (VP), prepositional phrases (PP) etc., the chunk-type is affixed to the
chunk tag label, as shown in the figure.

Since finite-state parsing is many orders of magnitude faster than context-free parsing,
finite-state parsing can provide useful syntactic annotations for large amounts of text in
cases where context-free parsing is too expensive (e.g. for many very-large-scale natural
language processing tasks such as open-domain question answering from the web). For this
reason, finite-state parsing has received increasing attention in recent years. In contrast to
much of the other research on finite-state parsing, here we argue that rather than using a
finite-state parser to approximately replace a context-free parser, it can be more beneficial
to combine the two parsers. We begin in the next section by discussing the comparison of

finite-state and context-free parsers.
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(a) S (b) ROOT
NP VP NP VP PP NP
N | | N
NN NNS VBD PP NN NNS VBD IN JJ NN
\ | \ \ \ \ \
Stock  prices ro‘se IN/\NP Stock prices rose in light trading
| N

in JJ NN

\ \
light trading

Full-Parse Tree Shallow-Parse Tree

(c)
chunk tags: B-NP I-NP B-VP B-PP B-NP I-NP
POS-tags: NN NNS VBD IN JJ NN
words: Stock  prices rose in light  trading

Shallow-Parse Tagged Sequence

Figure 5.1: The full-parse tree (a) and shallow-parse tree (b) for an example sentence. The
shallow-parse tree can also be represented as the tagged sequence shown in (c), allowing for finite-
state processing.

5.2 Model Comparison

In addition to the clear efficiency benefit of finite-state parsing, Li and Roth [144] further
claimed both an accuracy and a robustness benefit of finite-state parsing over context-free
parsing. Li and Roth demonstrated that their finite-state parser, trained to label shallow
chunks along the lines of the well-known CoNLL-2000 Chunking task [207], outperformed
the Collins context-free parser in correctly identifying these chunks in the Penn Wall Street
Journal (WSJ) Treebank [150]. They argued that their superior performance was due to
optimizing directly for the local sequence labeling objective, rather than for obtaining a
hierarchical analysis over the entire string.

In point of fact, as we demonstrated in [109], the difference in parser performance was
due to an erroneous assumption in chunklink, the conversion script used to convert the
full parses output by context-free parsers into shallow parses for comparison to finite-state
parsers. In that paper we demonstrated that changes to the conversion routine, which

take into account differences between the original treebank trees and the trees output by
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context-free parsers (in particular, a reliance on empty nodes), eliminated the previously-
reported accuracy differences. We also showed that a convention that is widely accepted
for evaluation of context-free parses—ignoring punctuation when setting the span of a
constituent (see Section 3.3.2 p. 65)—results in improved shallow parsing performance by
certain context-free parsers across a variety of shallow parsing tasks. Thus we refuted Li
and Roth’s [144] argument, and found instead that under a fair evaluation scenario, the
performance of finite-state parsers and context-free parsers is nearly identical on shallow

parsing tasks, as will be shown in the following section.

5.2.1 Shallow Parsing Tasks

In this section we will compare the performance of our CSLUt finite-state parser and the
Charniak and Johnson [44] context-free parser on three finite-state parsing tasks, described
below. As will be shown, these two parsers perform nearly identically on all three tasks,
despite the previously reported comparisons of context-free parsers and finite-state shallow
parsers [144] which greatly under-estimated the performance of context-free parsers.

Two commonly reported shallow parsing tasks are Noun-Phrase (NP) Chunking [172]
and the CoNLL-2000 Chunking task [207]. The NP-Chunking task, originally introduced
by Ramshaw and Marcus [172] and also described by Collins [65], Sha and Pereira [194],
brackets just base NP constituents.? The CoNLL-2000 task, introduced as a shared task
at the CoNLL workshop in 2000 [207], extends the NP-Chunking task to label eleven
different base phrase constituents annotated in the Penn Treebank, including: ADJP,
ADVP, CONJP, INTJ, LST, NP, PP, PRT, SBAR, UCP and VP. Anything not in one of
these base phrases is designated as “outside” (O). Reference shallow parses for this latter
task were derived from treebank trees via a conversion script known as chunklink.?

We follow Li and Roth [144] in using chunklink to also convert the full-parse trees

output by a context-free parser into the flat tag sequences representing shallow-parse

*We follow Sha and Pereira [194] in deriving the NP constituents from the CoNLL-2000 data sets, by
replacing all non-NP shallow tags with the “outside” (“O”) tag. They mention that the resulting shallow
parse tags are somewhat different than those used by Ramshaw and Marcus [172], but that they found no
significant accuracy differences in training on either set.

3http://ilk.kub.nl/~sabine/chunklink//.
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trees. However, we additionally pre-processed the output of the Charniak and Johnson
[44] context-free parser to correct for the errors in chunklink; see [109] for full details.

For both the NP-Chunking and the CoNLL-2000 Chunking tasks, the training set is
sections 15-18 of the Penn WSJ Treebank and the test set was section 20. We follow
Collins [65] and Sha and Pereira [194] in using section 21 as a heldout set. The third
task, introduced by Li and Roth [144] and which we term the Chunking-XL task, performs
the same labeling as in the CoNLL-2000 Chunking task, but with more training data and
different testing sets: training was WSJ sections 2-21 and test was section 00. We use
section 24 as a heldout set, which is often used as heldout for training context-free parsers.
Training and testing data for the CoNLL-2000 task is available online.* For the heldout
sets for each of these tasks, as well as for all data sets needed for the Chunking-XL task,
reference shallow parses were derived from treebank trees via the chunklink conversion
script. All data was tagged with the Brill [28] POS tagger after the chunklink conversion.
We verified that using this method on the original treebank trees in sections 15-18 and 20
generated data that is identical to the CoNLL-2000 data sets online; replacing the POS
tags in the input text with Brill POS tags before the chunklink conversion results in
slightly different shallow parses.

Table 5.1 shows several state-of-the-art results® on three shallow parsing tasks. We
can see from the table that CSLU?% is fairly competitive on all three shallow parsing tasks.
The table shows that the Charniak and Johnson [44] parser and reranker are clearly also
competitive on these tasks: the parser-best output is only 0.6 percentage points below the
best-published result on the Chunking task, and the reranker output improves quite a bit
over the parser

We can also see from Table 5.1 that performance levels of the CSLUt finite-state parser
and the Charniak and Johnson [44] context-free parser are very similar for all three tasks,
while the reranking model outperforms both. Despite having very similar performance,

however, it is still possible that because finite-state and context-free parsers are optimized

“http:/ /www.cnts.ua.ac.be/conl12000/chunking/

®Sha and Pereira [194] reported the Kudo and Matsumoto [132] performance on the NP-Chunking task
to be 94.4 and to be the best reported result on this task. In the cited paper, however, the result is as
reported in our table.



System NP-Chunking | Chunking | Chunking-XL
Ando and Zhang [4] 94.7 94.4 -
Kudo and Matsumoto [132] 94.2 93.9 —
Li and Roth [144] - 93.0 94.6
Sha and Pereira [194] CRF 94.4 - -
voted perceptron 94.1 - -
Sutton et al. [203] 94.8 - -
CSLUt [109] 04.2 93.5 95.1
C&J [44] parser-best 94.2 93.8 95.2
reranker-best 94.8 94.3 95.8
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Table 5.1: F-measure shallow bracketing accuracy on three shallow parsing tasks, for several
competitive finite-state parsers and the Charniak and Johnson [44] context-free parser (C&J).
Results reported in this table include the best published results on each of the three shallow-
parsing tasks.

for different objectives, their output predictions might differ in a complementary way. It
is likely true that a context-free parser which has been optimized for global parse accuracy
will, on occasion, lose some shallow parse accuracy to satisfy global structure constraints
that do not constrain a shallow parser. However, it is also likely true that these longer
distance constraints will on occasion enable the context-free parser to better identify the
shallow constituent structure. Thus the next section will explore methods to exploit the
complementary nature of parsers optimized for different objectives by exploring different

methods for combining output from finite-state and context-free parsers.

5.3 Model Intersection

In Chapter 4 we looked at a simple union of data produced by different models. In this
section we will look at the effects of intersecting two data sets, where one data set is
derived from a context-free model and the other from a finite-state model.

For the experiments described in this section, consider the CSLUt finite-state parser
as a reranker of the context-free parser output, with the objective of improving shallow
parse accuracy. In all results reported below, we will be incorporating the k-best context-
free parser output into the finite-state parsing model. Note that when the 50-best lists of
full-parses output by the Charniak parser were converted into k-best lists of shallow parses

using chunklink, many of the context-free parses map to the same finite-state parse, so
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input Context-Free Finite-State shallow
—> —
text Parser Parser parse

shallow-parse extraction

Figure 5.2: The Charniak/Johnson context-free parser constraining our CSLUY finite-state shallow
parser. Shallow parses are extracted from the context-free parses using the corrected variant of
chunklink. At the diamond decision point in the figure, intersection constraints (N) will be applied,
with or without weights, at train-time, test-time, or both, as appropriate.

the size of the set of shallow parses output by the Charniak parser is typically much less
than 50, with an average of around 7. In addition to providing a list of candidates, the
context-free parser also outputs the log probability of each candidate according to its
model. This probability score could either be discarded or used to scale the weights in the
CSLUt finite-state model.

We begin by constructing the pipeline shown in Figure 5.2. Note that in this pipeline,
the output of the Charniak context-free parser is input to the CSLUt finite-state parser.
This is a reversal of the typical increase of model complexity as constraints are passed
down the pipeline; thus pipeline is less efficient than other shallow parsers, but we will
show that the loss in efficiency is traded for a large gain in accuracy, higher than that of
any previously-reported shallow parsing system. In fact, Sutton et al. [203] erroneously
claim to have achieved highest-reported accuracy at levels lower than those we report here
and in [109].

For our experiments in this section, the CSLUt shallow parser is unconstrained during
training, then restricted to just the output from the Charniak parser during testing. Our
first set of experimental conditions restrict the shallow parser to selecting one sequence in
its entirety from among the k-best Charniak candidates.® We refer to this experimental
condition as sequence constraints. In the second set of experiments, we relax the previous
conditions slightly by connecting the k-best parses (output by the context-free parser) to

generate a confusion network lattice, and allowing CSLUt to select any state sequence

5Thus the CSLUt parser serves as a selection stage (discussed in Chapter 2, p. 29), similar to a reranker.
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from the lattice; we will refer to this as lattice constraints.

Each of these experiments also explore the effects of weighted and unweighted inter-
section. We begin with unweighted constraints, which create the simplest kind of ‘rovered’
system [84], restricting the set of shallow parse candidates to the intersection of the sets
output by each system, discarding the score of the upstream context-free parser. Since
the Viterbi search of the CSLUt model provides a score for all possible shallow parses, the
intersection of the two sets is simply the set of shallow-parse sequences in the 50-best can-
didates output by the Charniak parser. We then use the CSLUt perceptron-model scores
to choose from among just these candidates. Effectively, we use the Charniak parser’s
k-best shallow parses to limit the search space for our shallow parser at test-time.

Next we use weighted constraints, which extend the unweighted intersection by in-
cluding the log probability scores from the context-free parser (c.f. [66]). The score for a
shallow parse output by the Charniak parser is the log of the sum of the probabilities of
all context-free parses mapping to that shallow parse. We normalize across all candidates
for a given string, thus these are conditional log probabilities. We multiply these condi-
tional log probabilities by a scaling factor o before adding them to the CSLUt perceptron
score for a particular candidate. The best-scoring candidate using this composite score
is selected from among the shallow parse candidates output by the Charniak parser. We
used the heldout data to empirically estimate an optimal scaling factor for the Charniak
scores, which is 15 for all trials reported here. This factor compensates for differences in
the dynamic range of the scores of the two parsers.

Our third experimental condition is also a weighted intersection, but uses the expo-
nential of the sum of weights output by the Charniak/Johnson reranker for a given parse.
We refer to this experimental condition as RR-weighted. As in the second condition, the
scores are normalized across all candidates. The optimal scaling factor for the reranker
scores, again empirically estimated using the heldout data, was set to 30, indicating a
strong reliance on the reranker score.

As mentioned previously, all of these intersections are done at test-time; each of the
models were trained independently, and only at test-time is the finite-state parser restricted

to the space defined by the context-free parser. To remain consistent with task-specific
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System NP-Chunking | Chunking | Chunking-XL
CSLUt [109] 94.2 93.5 95.1
C&J [44]  parser-best 94.2 93.8 95.2
reranker-best 94.8 94.3 95.8
Unweighted-sequences 94.6 94.3 95.6
Weighted-sequences 95.2 94.8 96.0
RR~weighted—sequences 95.1 94.6 96.0
Unweighted-lattice 94.6 94.1 95.6
Weighted-lattice 95.1 94.5 95.9
RR~weighted-lattice 95.2 94.6 96.1

Table 5.2: F-measure shallow bracketing accuracy on three shallow parsing tasks, for the CSLUt
shallow parser, the Charniak and Johnson [44] context-free parser and reranker, and with un-
weighted and weighted combinations of the CSLUt and Charniak & Johnson (C&J) systems either
at test-time, train-time, or both.

training and testing section conventions, the individual models were always trained on the
appropriate sections for the given task, i.e., WSJ sections 15-18 for NP-Chunking and the
CoNLL-2000 tasks, and sections 2-21 for the Chunking-XL task.

Results from these methods of combination are shown in Table 5.2. Even the sim-
ple unweighted intersection gives quite large improvements over each of the independent
systems for all three tasks, resulting in the highest-reported results of the Chunking and
the Chunking-XL tasks. All of these improvements are significant at p<<0.001 using the
Matched Pair Sentence Segment test [94]. The parser-weighted intersection gives fur-
ther improvements over the unweighted intersection for all tasks, and this improvement
is also significant at p<0.001, using the same test. The reranker weights resulted in an
improvement under the lattice-intersection condition but not the sequence-intersection.
The best results for all three of the shallow parsing tasks (bolded in the table) utilize the
upstream weight; we will discuss in Chapter 8 that a weighted set of constraints is often

more beneficial than an unweighted set.

5.4 Model Training

In the previous section we observed that constraining a finite-state parser at test-time,
with output from a context-free parser, resulted in output higher than either of the parsers

achieved alone. One might wonder whether constraining the finite-state parser during
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training would also prove beneficial, or whether this would remove the complementary
effects of training the two models for different objectives. Therefore in this section we will
conduct a thorough evaluation of constraining a model during training, testing, or both.

First, however, allow us to take a short digression to motivate this and, indeed, several
other experiments conducted for this dissertation. Recall that in the previous chapter
we observed that the union of the CSLUt-constrained Charniak parser output and the
unconstrained parser output resulted in the highest parser-best and oracle-best context-
free parse trees (see Section 4.5.2). The relevant results from Chapter 4 are reproduced
here, in the first three columns of Table 5.3. From these numbers we expected the 50-best
U CSLUt-constrained condition to be the best performer. However, the reranker-best
output was disappointingly low.

McClosky et al. [152] reported a similar result, in which expectations of improved
performance were not met by the reranker output. In that paper, which we discussed
in Chapter 3 (p. 85), they only allude to this disappointing result in a footnote, noting
that they “attempted to retrain the reranker” but no improvement was achieved. They
then presented results using a reranker trained during an earlier iteration of their system.
Following the example set by McClosky et al. [152], we use the reranking model trained
on the (unconstrained) 50-best output, and apply it to each of our reported datasets.
We refer to this technique as using an “mis-trained” reranker; results are shown in the
final column of Table 5.3. Furthermore, we replicated the best-performing setup from

[152], namely re-training the parser on the reranker-best parses on the North American

Parser- | Reranker- | Mis-trained
Condition best best RR-best
50-best 88.9 90.2 -
100-best 88.8 90.1 90.2
Self-trained 90.2 90.9 91.1
CSLUt-constrained 88.4 89.5 89.3
Reranker-constrained 89.6 90.5 90.5
50-best U CSLUt 89.4 90.3 90.6 *
50-best U Reranker 89.2 90.6 90.5

Table 5.3: Comparison of rerankers trained under matching train/test conditions (Reranker-best)
and under mismatched train/test conditions (Mis-trained RR-best).



130

News Text Corpus (NANC), mixed with five copies of sections 02-21 of the WSJ Treebank
(reported as “WSJx5+41,750k” in that paper); we report results on this setup as the
Self-trained condition. We also applied our mis-trained reranker model to the Self-trained
output, also reported in Table 5.3. Note from the bolded results in the table that there are
three conditions under which the mis-trained reranker outperforms the trained reranker
model, although only the 50-best U CSLUt-constrained condition resulted in a statistically
significant improvement using using the Matched Pair Sentence Segment test [94].

These as-yet-unexplained results led us to ask whether the accepted paradigm of match-
ing training and testing conditions might not be the most beneficial approach. We will
explore this question in the remainder of this chapter; other chapters will return to these

results again in an attempt to understand and explain this phenomenon.

5.4.1 Matched Train/Test Conditions

All of the experimental conditions explored in Section 5.3 could, as we alluded to earlier, be
applied either during training or at test-time. For the train-time constraints, the CSLUt
perceptron model will essentially use the context-free parser as the GEN function (see
Section 3.1.5, p. 47 for an explanation of the perceptron model). Note that this is similar
to the training scenario for the Johnson reranker, which is trained on cross-validation
output from the Charniak parser.

The experiments conducted in this section are identical to those in Section 5.3 with the
exception that in this section, we will match the training and testing conditions. Thus, if
the CSLUt model is to be constrained to the sequences output by the Charniak parser at
test-time, then CSLUY is also constrained to such sequences (produced in the typical cross-
fold validation scenario) during training. Similarly for lattice constraints, and weighted
sequence or lattice constraints. The results of these matched train/test experiments are
shown in Table 5.4, along with the results from the each of the parsers alone.

Under these matched train/test conditions, the best results for each task (see the
bolded numbers in the table) are obtained by training and testing the CSLUt finite-
state parser on the weighted shallow-parse sequences output by the Charniak context-free

parser. However, all of these results are lower than the best result seen in Table 5.2, and
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System NP-Chunking | Chunking | Chunking-XL
CSLUt [109] 94.2 93.5 95.1
C&J [44] parser-best 94.2 93.8 95.2
reranker-best 94.8 94.3 95.8

Train-time Unweighted-Sequences

test-time unweighted-sequences 94.1 93.6 95.4
Train-time Weighted-Sequences

test-time weighted-sequences 94.8 94.3 96.0

test-time rr-weighted-sequences 94.4 93.8 95.7
Train-time Unweighted-Lattice

test-time unweighted-lattice 93.9 93.4 95.3
Train-time Weighted-Lattice

test-time weighted-lattice 94.5 94.1 95.8

test-time rr-weighted—lattice 94.7 94.2 95.8

Table 5.4: F-measure shallow bracketing accuracy on three shallow parsing tasks, using matched
train-time and test-time conditions to train the CSLUt shallow parser on the Charniak & Johnson
(C&J) system output.

with the exception of the Chunking-XL task, none of these system intersections improved

over the best single-system result.

5.4.2 Mismatched Train/Test Conditions

In our next set of experiments, we will force a mismatch between the training and testing
conditions. For example, if the CSLUt model is to be constrained to the sequences output
by the Charniak parser at test-time, then CSLUt will not be constrained in the same
manner at during training. The CSLUt model may be unconstrained during training, or
trained on weighted sequence output. The results of these mismatched train/test exper-
iments are shown in Table 5.5. In the top rows of the table we once again replicate the
results from the each of the parsers alone, as well as the results from Table 5.2 which,
after all, are also mismatched train/test conditions.

Under these mismatched train/test conditions, the best results for each task (see the
bolded numbers in the table) are still those from the unconstrained training/constrained
testing conditions from Table 5.2, though training on unweighted sequences and testing
on weighted sequences is tied for the best performance on the Chunking-XL task. Note

the sharp degradation in performance when allowing an unconstrained search at test-time
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System NP-Chunking | Chunking | Chunking-XL
CSLUt [109] 94.2 93.5 95.1
C&J [44] parser-best 94.2 93.8 95.2
reranker-best 94.8 94.3 95.8

Train-time Unconstrained

test-time unweighted-sequences 94.6 94.3 95.6

test-time weighted-sequences 95.2 94.8 96.0

test-time rr-weighted-sequences 95.1 94.6 96.0

test-time unweighted-lattice 94.6 94.1 95.6

test-time weighted-lattice 95.1 94.5 95.9

test-time rr-weighted—lattice 95.2 94.6 96.1
Train-time Unweighted-Sequences

test-time (unconstrained) 82.4 79.7 87.4

test-time weighted-sequences 95.1 94.6 96.1

test-time rr-weighted-sequences 94.8 94.4 95.9
Train-time Weighted-Sequences

test-time (unconstrained) 46.1 42.4 67.8

test-time unweighted-sequences 91.3 90.9 93.9
Train-time Unweighted-Lattice

test-time (unconstrained) 82.4 84.5 89.5

test-time weighted-lattice 94.9 94.4 95.9

test-time rr-weighted—lattice 95.1 94.6 96.1
Train-time Weighted-Lattice

test-time (unconstrained) 46.1 19.1 38.8

test-time unweighted-lattice 89.9 85.4 89.2

Table 5.5: F-measure shallow bracketing accuracy on three shallow parsing tasks, using mis-
matched train-time and test-time conditions to train the CSLUt shallow parser on the Charniak
& Johnson (C&J) system output.

in a training-constrained model.

The success of the train-time unconstrained /test-time constrained experimental results
might suggest that perhaps it is better to have a relatively unconstrained training space
(or alternately to let the training model “choose,” or dictate, its own training space) and
then only constrain the test space. We apply this concept to the Charniak and Johnson
[44] context-free parsing pipeline to test its generality.

We have a couple of different options for applying this technique of mismatching

train/test conditions to train the Johnson reranking model. While we cannot feasibly
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Test-time
Train-time 10-best | 50-best | 100-best | 1000-best
10-best 89.9 89.9 89.9 89.9
50-best 90.2 90.2 90.2 90.4
100-best 90.2 90.3 90.1 90.4
1000-best 90.2 90.4 90.3 90.6

Table 5.6: Reranker-best F-scores on WSJ section 24 full-parses output by the Charniak and
Johnson [44] parser/reranker under matched (italicized) and mismatched train/test conditions.
Bolded numbers indicate the best-performing training condition for each given testing condition.

train the Johnson reranking model on an unconstrained space due to computational limi-

tations,”

we could train it on a much larger number of candidates than we test it on. We
could also do the reverse, by training the model on a much smaller number of candidates
than used at test-time.

Table 5.6 demonstrates the effects of restricting the reranker’s search space to varying
degrees during training and testing. For each of these experiments, the Johnson reranker
was trained on crossfold-validated n-best parses output on WSJ 02-21 with section 00
as heldout. The italicized numbers along the diagonal represent matched train/test con-
ditions, i.e., the traditional experimental conditions. In this table we do not observe
the sharp degradation that we saw in the shallow-parsing task, where training on a small,
highly-constrained dataset resulted in very low performance when testing on a larger (less-
constrained) dataset. However, we can see that the unconstrained-train/constrained-test
technique was also successful for context-free parse reranking: using the largest, least-

8

constrained training set of 1000-best parses® resulted in the highest F-scores for every size

of test set.

"Ironically, reducing the search space for highly-complex, computationally intense models has long been
the impetus for implementing a pipeline system.

81n order to train on such large n-best lists and their correspondingly large feature sets, we modified
the feature representation in the reranker to consume far less memory than required by the out-of-the-box
vector representation; our modifications will be made available online.
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5.5 Conclusion

In this chapter we examined interactions between models in a pipeline system. We demon-
strated that there is no accuracy or robustness benefit to shallow parsing with finite-state
models over using high-accuracy context-free models, in contrast to what had been previ-
ously reported. Furthermore, there is a large benefit to be had in combining the output
of high-accuracy context-free parsers with the output of shallow parsers, resulting in a
large improvement over the previous-best reported results on several tasks, including the
well-known NP-Chunking and CoNLL-2000 shallow parsing tasks. Thus, strictly enforc-
ing the ordering of model complexity in a pipeline, as is typically done, can prevent one
from producing a state-of-the-art result. We also saw that enforcing a match between
train- and test-time conditions can be detrimental, and that sometimes, a train/test mis-
match can result in the highest levels of performance. In the final section of this chapter,
we observed the curious results of applying a “mis-trained” reranking model—one that
had been trained under different conditions than it was tested on—where the mis-trained
model outperformed the trained model in certain cases. The take-away pipeline technique
from this chapter is to challenge the traditions in pipeline construction, particularly in

terms of model complexity and matching train/test conditions.



Part 111

Constraint Characteristics
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The search space in an NLP pipeline system could be represented as a multi-dimensional
space, with each data point in the space representing a possible solution. Such a space,
constrained by the output of an upstream stage, might be characterized in many different
ways. The space might be large or small, densely or sparely populated, with rigid or fuzzy
boundaries, and with peaks and valleys of varying height. Current practices generally
neglect to analyze the characteristics of the search space as a whole, focusing instead on
only one or two (if any) aspects of the space. This disregard for the search space as a
whole can be seen in the literature: the reported characteristics of a fully-specified con-
strained search space [44, 103, 134, 152, 175] include the accuracy of the one-best and
oracle-best candidates, but ignore other characteristics such as the average accuracy of
the candidates in the set or how completely the candidates cover the space. In pipeline
systems implementing partial-solution constraints [22, 56, 79, 88, 146, 190], the accuracy
of the constraints are reported, but not, for example, the restrictiveness of the constraint
set.

Thus, although a few characteristics of the search space have been reported in the liter-
ature of pipeline systems, others that would be necessary to describe the search space as a
whole, are simply not mentioned. The next three chapters of this dissertation will discuss
characteristics of a constrained space, including of course the accuracy of the constraints
in the space (Chapter 6), but going beyond one-best and oracle-best metrics; the diversity,
regularity, density, and coverage of such a space (Chapter 7); and the peaks and valleys
of the space as defined by a probability distribution over the space (Chapter 8). Each
of these chapters will present quantitative metrics for measuring these spatial character-
istics, as well as the empirical effects on pipeline performance when these characteristics

are altered.



Chapter 6

Constraint Accuracy

In this chapter we report on the most obvious and most-cited characteristic of a constraint
set: the accuracy of the constraints. We will argue that the two oft-reported measures
of one-best and oracle-best accuracy are not sufficient to characterize the quality of con-
straints. An improvement in the oracle-best and one-best rates of constraining input does
not always correspond to improvements in the output. As we saw in Chapters 4 and 5, a
decreased oracle in the constraints does not necessarily correspond to decreased accuracy
of the output—and vice versa. Similarly, an increase in mid-pipeline, intrinsic accuracy
does not necessarily correspond to an increase in the pipeline-final extrinsic accuracy.
Thus the point of this chapter is to introduce several accuracy metrics and demonstrate

that these metrics are insufficient for predicting downstream pipeline performance.

6.1 Accuracy Metrics

In NLP, two intrinsic evaluation metrics are often reported: one-best accuracy, i.e., the
accuracy of the best solution according to the prior distribution defined over the search
space, and oracle-best accuracy, the accuracy of the best-possible solution in the defined
search space. In this chapter we discuss these metrics and introduce two new ones: oracle-

worst accuracy, and self-reference accuracy.

137



138

Parser | Reranker
Condition Best Best Diff
50-best 88.9 90.2 1.3
100-best 88.8 90.1 1.3
Self-trained 90.2 90.9 0.7
CSLUt-constrained 88.4 89.5 1.1
Reranker-constrained 89.6 90.5 0.9
50-best U CSLUt 89.4 90.3 0.9
50-best U Reranker 89.2 90.6 1.4

Table 6.1: Comparison of one-best parser accuracy rates and pipeline-final reranker accuracy
rates.

6.1.1 One-Best

Measuring the accuracy of the one-best constraint, where the constraints are ordered by
model-score, is a common method used to estimate the quality of pipeline constraints. Im-
provements in one-best accuracy of an intrinsic evaluation does not necessarily correspond
to improvements in the overall (extrinsic) accuracy of the pipeline.

Table 6.1 demonstrates how the one-best accuracy output by the parser compares to
the pipeline-final accuracy output by the reranker. While the Self-trained condition has
both the highest one-best accuracy and the highest reranker-best accuracy, note in the
final column of the table that the difference between the parser-best and the reranker-best

is lower than might be expected.

6.1.2 Oracles

Oracle rates are calculated by comparing each candidate in a set to the true, reference
candidate and selecting the candidate with the highest accuracy! as the “oracle” candidate.
In this section we will distinguish between oracle-best rates (typically referred to in the
literature as oracles) and oracle-worst rates; an oracle-worst candidate is selected from a
set as the candidate with the lowest accuracy.

Oracle-best rates are typically much higher than the one-best accuracy rates [174], as

shown in Table 6.2. Arguments have been made that a higher oracle rate is always better.

! Accuracy is defined according to some evaluation metric, i.e., tag-sequence accuracy (Section 3.3.1,
p. 62), F-score accuracy (Section 3.3.2, p. 65), etc.
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Parser | Reranker Oracle
Condition n Best Best Best | Worst | Diff
50-best 47.9 88.9 90.2 96.0 68.1 27.9
100-best 95.2 88.8 90.1 96.4 64.6 31.8
Self-trained 49.8 90.2 90.9 96.4 67.0 29.4
CSLUt-constrained 46.2 88.4 89.5 94.1 69.1 25.0
Reranker-constrained || 46.9 89.6 90.5 95.1 69.9 25.2
50-best U CSLUt 75.0 89.4 90.3 96.6 65.6 31.0
50-best U Reranker 72.1 89.2 90.6 96.5 66.4 30.1

Table 6.2: Comparison of two accuracy measurements of oracle-best and oracle-worst rates.

We argue here that if the difference between one-best and oracle-best accuracy (or between
oracle-worst and oracle-best) is reduced but still remains fairly large, then a reduced oracle
rate is not necessarily an indication that the overall accuracy of the pipeline will also be
reduced. Table 6.2 demonstrates empirically that improvement in either oracle-best or

oracle-worst does not directly correspond to improvement in reranker-performance.

As a Function of Size

The oracle rate of a system can often be increased by simply enlarging the search space.
Certainly, a less-constrained, larger space may cause fewer search errors downstream.
However, as we saw in Chapter 4, constraints can also correct for model errors; a less-
constrained space will likely correct fewer model errors. We can see from Table 6.2 that the
size of the candidate set does not necessarily correspond to the oracle rates; for example,
the Self-trained condition has half the number of candidates as the 100-best condition but
matches the oracle-best rate and has a higher oracle-worst rate.

An overly-constrained, smaller search space can be problematic as well. Clark and
Curran [57, 59] found that, in training discriminative models, the number of (incorrect)
solutions contained in the search space impacted the accuracy of the resulting model:
with too few candidate solutions, the training algorithm did not have enough candidates
to ‘discriminate against.” Their results provide evidence that the size of the search space,

including both high- and low-quality solutions, impacts pipeline performance.
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Figure 6.1: Rank-order accuracy of the parser probability score as compared to the rank-order
accuracy of the reranker score. The true rank of each candidate is shown as a dotted black line.
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6.1.3 Rank Accuracy

Section 6.1.1 discussed measuring the accuracy of the one-best candidate in a constraint
set. However, while such a score may reliably indicate a high-quality one-best candidate,
it may not provide a reliable ranking of the remaining candidates in the list. Thus in
this section we discuss two metrics of rank accuracy. We can get an intuitive sense of
the rank-order accuracy of our different data sets in Figure 6.1. In examining these
graphs, we can see that the reranked output has a higher rank accuracy than the parser
output; the reranked data-lines are closer to the ideal rank, shown as a dotted line in each
graph. The difference between the 50-best U CSLUt-constrained graph and the 50-best
U Reranker-constrained graph (bottom of the figure) is somewhat intriguing in that the
CSLUt-constrained graph appears more scattered than the Reranker-constrained graph.
In the next section we present a quantitative measure of rank-order accuracy to determine

whether the visible difference between these graphs reflects a quantitative difference.

Margins

We could also measure rank-order accuracy by calculating a margin between the rank
value assigned by any scoring metric and the true rank value of each candidate. Let ¢
equal the true rank value of the candidate, as calculated by evaluating each candidate
against the known true solution then ranking the candidates according to F-score, and j
equal the rank of the candidate according to our scoring metric. Following Shen and Joshi
[198], both even and uneven margins will be calculated. FEven margins are calculated
as (i — j), such that ranking mistakes are equally penalized regardless of the rank value;
thus ranking the second candidate as the third is as bad as ranking the 49th candidate as
the 50th. Uneven margins are calculated as (1/i — 1/j) so that errors in the lower ranks
are not penalized as heavily as errors in the higher ranks. Table 6.3 presents the even
and uneven margins calculated for each of our seven test conditions, where candidates
are ranked either by the parser or the reranker. This table is essentially a numerical
representation of the graphs in Figure 6.1. Note that perfect rankings (i.e., that match

the dotted black lines shown in Figure 6.1) would have even and uneven margins of 0, and
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Parser-Ranked | Reranker-Ranked

Even Uneven Even Uneven
Condition n Margin | Margin | Margin | Margin
50-best 47.9 14.9 0.134 13.6 0.126
100-best 95.2 29.9 0.092 27.2 0.087
Self-trained 49.8 14.8 0.133 13.5 0.128
CSLUt-constrained 46.2 14.9 0.155 13.3 0.147
Reranker-constrained || 46.9 14.7 0.152 13.3 0.144
50-best U CSLUt 75.0 23.7 0.105 21.5 0.099
50-best U Reranker 72.1 23.5 0.110 21.0 0.104

Table 6.3: Even and uneven margins calculated as a measure of rank-order accuracy.

reverse-rankings (i.e., perpendicular to the dotted black lines in Figure 6.1) would have

even margins equal to half the size of the ranked list (n/2) and uneven margins equal to

approximately 2e~ "

Table 6.3 confirms our intuition from Figure 6.1: the reranker-ordered candidates
are closer to the true ranking than the parser-ordered candidates. The “improvement”
in the uneven margins, measured as the difference between the parser-ordered uneven
margins and the reranker-ordered uneven margins, is consistent across six of our seven
test conditions; the Self-trained condition shows a smaller than expected improvement
(given the size of its n-best lists). The improvement in the even margins is also slightly
smaller than expected under the 50-best U CSLUt condition. However, these differences
are not deemed large enough to be of concern. We will return to the notion of even and

uneven margins in Chapter 7, when we introduce new metrics for ranking parse candidates

in an n-best list.

Mean Reciprocal Rank

In this section we measure the mean reciprocal rank (MRR) as a measure of rank accuracy.
Reciprocal rank is the multiplicative inverse of the rank of the correct answer; here we
will define the correct answer to be either the reranker-best, oracle-best, or oracle-worst,
candidate. Thus the mean reciprocal rank is the average of the reciprocal ranks of results

over a set of n-best lists:

1 o 1
MRR = —) = 1
RR N;” (6.1)
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Mean Reciprocal Rank

Reranker Oracle
Condition n Best Best | Worst
50-best 47.9 0.23 0.11 0.03
100-best 95.2 0.18 0.06 0.02
Self-trained 49.8 0.33 0.12 0.03
CSLUt-constrained 46.2 0.26 0.13 0.04
Reranker-constrained | 46.9 0.37 0.14 0.04
50-best U CSLUt 75.0 0.20 0.08 0.02
50-best U Reranker 72.1 0.21 0.08 0.03

Table 6.4: Mean reciprocal rank of the oracle-best, oracle-worst, and reranker-best candidates.

where r; is the rank of the correct answer. An MRR of 1.0 would mean that the correct
answer is always ranked first. Table 6.4 shows the MRR of the reranker-best, oracle-best,
and oracle-worst candidates in n-best lists ranked by parser-probability scores. We can see
from the table that the reranker-selected candidate is usually fairly near to the top of the
lists, with the oracle-best candidates slightly lower in rank. The oracle-worst candidates

are consistently about halfway down the list.

6.2 Empirical Effects of Manipulating Accuracy

6.2.1 Artificially Inflated Oracles

In this section we experiment with artificially inflating oracle rates to determine the effects
on downstream performance. For this set of experiments we simply appended the true
reference into the n-best lists of parses input to a reranker stage. The reference candidates
were added to (a) just the training set or (b) just the heldout set. We also experimented
with adding the reference candidates to the training data but disallowing any features
related to only the reference candidates, with the intuition that this would prevent the
reranking model from over-weighting features that reliably indicated good solutions but
which were unlikely to occur in the test set.

Note that the reference candidates were added by a brute force method, and thus we
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Condition Reranker-Best
50-best

“unweighted” 89.4

(a) reference in training 88.3

(b) reference in heldout 88.0

(c) reference, -reference features 88.4

Table 6.5: Results from artificially inflating oracle rates by inserting the reference candidate to
(a) the training set or (b) the heldout set of n-best lists. Reference candidates were also added to
the training set for (c), while features related only to the reference candidates were removed from
the feature set.

have no parser probability score for these constraints.? Therefore to create a baseline for
comparison, we simply removed the parser-probability score from all of the n-best parses
input to the reranker. Table 6.5 shows the results of these experiments, which demonstrate

that artificially inflating the oracle of an n-best list proves detrimental to performance.

6.3 Conclusion

We have shown in this chapter that the accuracy of a constrained space does not necessarily
correspond to downstream performance. The literature of pipeline systems has not pro-
vided any explanations as to why one-best accuracy does not correspond to pipeline-final
accuracy. In this dissertation we hypothesize that such discrepancies between intrinsic
and extrinsic evaluation may be due to characteristics of the space that are not captured
by accuracy metrics. For example, perhaps a downstream reranker would have benefited
from a more diverse set of candidates or a smoother distribution of the probability scores
over the candidates. Low-accuracy models have also been shown to be helpful, particu-
larly in the case of voting pipelines [31, 108, 189, 191], and arguments have been made in
the literature that the low-accuracy models help by increasing the diversity of the search
space. Chapter 7 will be devoted to exploring the diversity and other characteristics of a
constrained space to determine whether such characteristics better explain the effects on

pipeline performance.

2We tried to constrain the parser to produce exactly the reference solution, similar to our parser-
constrained experiments in Chapter 4, but experienced a high parse-failure rate (over 30%).



Chapter 7

Constraint Distribution

The objective of this chapter is to characterize a set of solution candidates' according
to how the candidates are distributed throughout the defined space. Envision a set of
candidates as data points scattered across a two-dimensional space.? We hypothesize that
the distribution of these data points in the defined space (which is in fact defined by the
set of data points) can affect downstream performance. For example, if the data points are
scattered unevenly throughout the space, then a stochastic hill-climbing algorithm [157]
in a downstream stage might find it difficult to step from point to point. Similarly, if the
data points are far apart from each other, then it might be too costly to move from one
point to the next, resulting in a sub-optimal solution because exploring the space was too
expensive. On the other hand, if the data points are all closely clustered together then it
might prove difficult to learn to discriminate amongst them.

Section 7.1 discusses several characteristics related to the distribution of candidates
in a space. Section 7.2 introduces a number of metrics that we will use to formally
capture these spatial characteristics, including F-score as a similarity metric, D-score as
a related distance metric, Levenshtein edit distance applied to parse trees, graph-theory
eccentricity to measure the diameter and area of a space, and k-nearest-neighbor metrics.
In Section 7.3 we use these metrics to manipulate a search space in order to see exactly

how changes in these spatial characteristics can affect pipeline performance.

'In this chapter we focus on fully-defined search spaces, and thus refer to input constraints as candidate
sets. However, the metrics presented herein will generalize to other types of search space constraints, as
discussed in Section 7.2.5.

2The solution space and therefore the search space of any NLP task is, of course, multi-dimensional,
but we simplify for conceptual purposes here.
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Full Pairwise Stepwise One-to-Many

Figure 7.1: A visual representation of three different types of comparisons: (a) full pairwise,
(b) stepwise, and (c) one-to-many.

Throughout this chapter we will be comparing pairs of candidates in a set. We assume
the set of candidates to be ordered, and will examine some of the effects of changing the
order within the set. There are three different types of pairwise comparisons that we will
be conducting: full pairwise, stepwise, and one-to-many comparisons. In a full pairwise
comparison, each candidate in the set is compared to every other candidate in the set;
we typically take the average of the comparisons. In a stepwise comparison, we compare
each candidate only to the next (or previous) candidate in the set, recalling that the set
is assumed to be ordered. In a one-to-many comparison, a single candidate is chosen from
the set, then every other candidate in the set is compared to the selected one. Figure 7.1
provides a visual representation of these three types of comparisons. In the figure, a
constrained search space is represented as a graph, the candidates as nodes in the graph,

and the comparisons between candidates as node connections in the graph.

7.1 Spatial Characteristics

There are a number of different spatial characteristics that we wish to examine, including
diversity, reqularity, coverage, and density. All of these contribute to an overall character-
ization of the space; one of these alone will not give a complete picture. We begin with the
notion of diversity, which has often been argued to have a beneficial effect on downstream
performance [108, 77, 167, 218]. We then make the counter-argument that diversifying a

constrained search space does not necessarily lead to improved performance, and that the
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() NN NNS VBD IN JJ NN

(29 NN NNS NN IN JJ NN

(3 VB NNS NN IN NN VBG
Stock prices rose in light trading

Figure 7.2: 3-best list of POS-tag sequences input to a reranker, as an example of a discrete
search space in which we examine both diversity and regularity characteristics.

other spatial characteristics must also be taken into consideration. The effects of these

spatial characteristics have been overlooked or ignored in the NLP literature.

7.1.1 Diversity

One of the few spatial characteristics that is often mentioned in the literature is that of
candidate diversity, or diversity of the search space as defined by the candidates. We
will define diversity in terms of the distance between each candidate in the space, where
candidates that are further away from others in the space contribute more to the diversity
of the space.? In terms of diversity in a pipeline, a more-diverse set of candidates will
presumably correspond to a larger number of features for the downstream stage. However,
we argue that simply increasing the number of features will not necessarily result in
improved downstream performance, and that there are other factors at play which can also
affect performance. These other factors include other characteristics of the distribution of
candidates, as discussed in the remainder of this section.

As a simple example of diversity in a fully-specified search space, consider a 3-best
list of POS-tag sequences to be reranked, shown in Figure 7.2. The first two sequences
differ only by a single tag, and are thus very similar; the space defined just by these two
sequences would not be very diverse. Now consider the third sequence, which differs from
the first in four tags, or 66% of the sequence, and differs from the second sequence in three
tags (50%). Adding this sequence to the search space increased the diversity of the space.

Another, more complex, example of diversity in a fully-specified search space is shown
in Figure 7.3: a set of 50 parse trees for a single sentence, to be input to a reranker. In this

figure, the difference between a pair of trees is visually represented: the red dashed lines

3Note that here we are using a fairly vague, intuitive notion of diversity and distance; we will present
formal metrics later in the chapter.
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indicate nodes that are present in the first tree but not the second of the pair, whereas
the blue dotted lines indicate nodes present in the second tree but not the first.

To intuitively demonstrate the diversity in this space, we conducted a one-to-many
comparison of each of the parse candidates against the first in the list, where the list is
ordered by the score assigned to the parse by the baseline (upstream) parser. The first
few candidates are fairly similar to the first, only differing by a few nodes in the tree.
As we progress down the list (towards the lower right corner of the figure), we see larger
differences between the parses later in the list and the first parse in the list. The differences
contributed to the list by these parses increase the diversity of the space.

Sagae and Lavie [189] and Sagae and Tsujii [191] noted the positive impact of increased
diversity for voted recombination. In a voted recombination stage, the partial solutions
receiving the greatest number of “votes” in the input are combined to create the output
solution. Sagae and Lavie [189] found that using several different parsers to generate sets
of parse candidates for recombination resulted in improved performance as compared to
using an n-best list of parses from a single parser to define the candidate set. They also
noted that excluding the input from lower-performing parsers actually had a detrimental
effect on the output of the recombination. The conclusion of both of these papers was that
the diversity of a candidate set affects the output performance of voted recombination.
In Chapter 4 (p. 111) we, too, found that recombining n-best lists from two different
shallow-parse lists resulted in higher accuracy than the recombination of an n-best list
from a single parser.

While diversity has proven beneficial in the context of a recombination stage, it may
not necessarily perform as well in other contexts, such as a reranking stage. While we saw
positive results for recombining lists of shallow parses in Chapter 4, we saw negative results
when reranking the most-diverse set of full-parses (as discussed on p. 113). Unfortunately,
diversity is assumed to be beneficial under the reranking paradigm due to its success under
the recombination paradigm.

Despite the oft-referenced benefits of diversity, there has been no work to explicitly
measure the diversity of a solution set. Previous work has relied on an indirect measure of

the similarity of the candidates: the difference in candidates’ accuracy. It would be more
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Figure 7.3: n-best list of parse trees input to a reranker, demonstrating the level of diversity in
such a discrete search space.

useful to have a quantitative metric of the diversity of a candidate set; Section 7.2 will
present several such metrics. Additionally, “diverse” candidate sets are typically produced
by using multiple different models to produce multiple solution sets, then combining sets.
Section 7.3.1 presents a technique to systematically increase (or decrease) the diversity of
a set, which will allow us to directly demonstrate how altering the diversity of the space

affects pipeline performance.
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7.1.2 Regularity

Another spatial characteristic is the reqularity of the space. We will define regularity in
terms of equidistance, i.e., whether or not the candidates in the space are equally-distant
from its nearest neighbor(s). Note that regularity is a relative measure of distance, in that
a space where the candidates are all far apart could have the same level of regularity as a
space where the candidates are close together, provided that the distance separating the
candidates is consistent within each space. The regularity of the search space can affect
the search algorithm. A set of solution candidates with sparse coverage of the space may
be easily separable; on the other hand, a set of candidates with dense coverage of the
search space may allow for improved estimation of the search parameters.

As an example of regularity in a fully-specified search space, consider once again the
POS-tag sequences in Figure 7.2 (p. 147). Since the first two sequences differ only by a
single tag, they might be considered to be very close together in the space: only one “step”
apart. In contrast, the third sequence differs from the first in four tags, or 4 steps, and
differs from the second sequence in three tags (3 steps). Thus the step sizes in this space
are irregular. Had every sequence differed by 3 tags or by 1 tag, then the space would be
more regular in the sense that each step is the same size.

We can also discuss the regularity of the more complex parse search space represented
in Figure 7.4. The parses in the list are ordered by the score assigned to the parse by the
baseline (upstream) parser; if we conduct a stepwise comparison of these parses, then the
first (parser-best) parse is compared to the second, the second is compared to the third,
etc. This figure shows that the differences from one parse tree to the next vary quite a bit;
the first few pairs are only different in one or two nodes, but near the end of the list (lower
right corner of the figure), the differences between parses become a bit larger. Thus, had
we cut off the list of parses at the 3-best rather than 10-best, the space would have been
more regular; adding more parses decreased the regularity of the space while increasing

its diversity.
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Figure 7.4: n-best list of parse trees input to a reranker, demonstrating the level of regularity in

such a discrete search space.

7.1.3 Density

Another spatial characteristic, which is closely related to diversity and regularity, is that
of density. We will define density as a measure of how “close” candidates are in a space;

a space consisting of candidates that are very close together will be very dense, whereas
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a sparse space would consist of candidates that are spaced far apart from each other. A
space constrained by the first three candidates in Figure 7.4 would be more dense than
the space represented by the last three candidates in the figure, since the pairwise distance
between the first three candidates is smaller than the pairwise distance between the last
three candidates.

If the constrained search space is very dense, with the candidates tightly clustered
together, then the downstream stage must learn to select from a space wherein the features
of the solution candidates only vary along a few dimensions. If, on the other hand, the
candidates are more spaced out and thus the constrained area is more sparsely populated,
then the solution candidates may be more easily separable into “good” solutions and
“bad” ones. Thus, despite the fact that widely-spaced candidates in a sparse search space
correspond to a larger area with more features to consider, the solution selected from such

a subset may be better than one selected from a smaller, denser set of solutions.

7.1.4 Coverage

The fourth characteristic to be explored in this chapter is that of coverage. We intuitively
define coverage in terms of “gaps” in the space. Imagine again that the candidates are
discrete points in a two-dimensional space; if the candidates provided perfect coverage
of the space, then we could start at any one of those points and, taking a single step in
any direction (without leaving the defined space), reach another candidate in the space.
The “single step” would be defined according to the task at hand: in tagging, that single
step would be changing a single tag in the sequence, whereas in parsing it might be
changing a single node in the parse tree, and in machine translation it could be changing
the translation of one of the words, or changing the position of one word in the sentence.
Of course, our definition of the coverage of a space only applies to discrete spaces—a
continuous space would, by definition, have complete coverage—but an NLP search space
is discrete so the notion of coverage is a valid one for this research. Incomplete coverage
might affect a downstream search algorithm in two ways: by creating an uneven space,
where moving from point to point in the space is difficult due to uneven step-sizes between

gapped points; and by forcing the algorithm to choose between two imperfect candidates



153

(1) NN NNS VBD IN JJ NN
(2) NN NNS NN IN JJ NN
(3) VB NNS NN IN NN VBG
from sequence (1) to (3):

(4 VB NNS VBD IN JJ NN
(5) NN NNS VBD IN NN NN
(6) NN NNS VBD IN JJ VBG
(7) VB NNS NN IN JJ NN
(8 VB NNS VBD IN NN NN
(99 VB NNS VBD IN JJ VBG
(10) NN NNS NN IN NN NN
(11) NN NNS NN IN JJ VBG
(12) NN NNS VBD IN NN VBG
(13 VB NNS NN IN NN NN
(14 VB NNS NN IN JJ VBG
(15) VB NNS VBD IN NN VBG
(16) NN NNS NN IN NN VBG
from sequence (2) to (3):

(17) VB NNS NN IN JJ NN
(18) NN NNS NN IN NN NN
(199 NN NNS NN IN JJ VBG
(20) VB NNS NN IN NN NN
(21) NN NNS NN IN NN VBG

Stock prices rose in light trading

Figure 7.5: The POS-tag sequences required to completely cover the space represented by the
3-best list in Figure 7.2.

because the candidate that would have been preferred by the algorithm is missing, or
gapped.

As an example of incomplete coverage, consider once more the POS-tagging search
space represented in Figure 7.2 (p. 147). Note that since there are three differences between
the second and third sequence, there is a gap between these two in terms of coverage of
the space. Furthermore, there are four differences between the first and third sequence,
only two of which are covered by the second sequence. To cover the gap between the
second and the third sequence, we will need an additional five sequences. To cover the gap
between the first and the third sequence, we would need fourteen additional sequences

(minus one which is already represented by the second sequence). If we generated all
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of these sequences we would have the full-coverage space shown in Figure 7.5, with the
additional sequences listed as candidates 4-22. Inadequate coverage of the solution space
can be problematic: in the example provided, the first sequence correctly identified “rose”
as a verb but incorrectly identified “trading” as a noun, while the third sequence correctly
identified “trading” as a verb but incorrectly identified “rose” as a noun. Given just these
three sequences as the search space, a search algorithm would be forced to choose between
two sub-par solutions, since the correct solution in its entirety is missing from the space

even though the correct solution is represented piecewise in the space.

7.2 Distance and Similarity Metrics

In the previous section of this chapter, we described the diversity, regularity, coverage,
and density of a search space in intuitive terms, loosely referring to the distances between
candidates in the space. In this section, we will formally define several different metrics
for comparing candidates in a space, and discuss the requirements of a distance metric,

as well as the pros and cons of using these metrics to characterize a space.

7.2.1 F-score and D-score

Context-free parse candidates are evaluated according to the F; metric, as discussed in
Section 3.3.2 (p. 65). We can use the F-score to calculate the pairwise similarity of two
parse candidates; two highly-similar parses will have a high pairwise F-score near 1.0,
versus two very different parses which will have a much lower pairwise F-score.

F-score provides a similarity metric, indicating a level of shared information between
two parse trees. It would be convenient if one could straightforwardly use 1—F to calculate
the distance between two trees. Unfortunately, such a calculation is invalid as a distance
metric because it does not meet the triangle inequality condition [143], where the length
of the path between two points must be less than or equal to the path created by adding
an intermediary point:

AAC < AAB + ABC. (7.1)

To see that this condition is not met with the 1—F metric, consider the case where
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A={z,y}, B={z,y, 2z}, and C={y, z}. Using 1—F to calculate the distance (A) between
the three sets gives us AACzl—%, AAle—%, and ABCzl—%. Since %>%+%, the
“distance” calculated by 1—F violates the necessary condition of triangle inequality.

Fortunately, Yianilos [216] demonstrated that a metric meeting each of the conditions
necessary for a true distance metric, including the triangle inequality condition, can be
derived from the same calculations as used for similarity metrics such as F-score. (See
that paper for a proof in the general case.) This metric shall be termed the D-score, for
distance metric, which is defined as follows:

AN B

D = .
AU B

(7.2)

Note that since |AU B|=|A| + |B| — |AN Bj, calculating this distance metric requires just
the same measurements as calculating the F-score metric. Thus we can calculate pairwise
F-scores, to determine the average similarity amongst candidates in an n-best list, as well
as pairwise D-scores, to determine the average distances between candidates in the list.

Figure 7.6 shows three parses for our example sentence, where using 1—F as a distance
metric violates the triangle inequality and using the D-score as the distance metric does
not. The 1-F “distance” between trees 1 and 8 in Figure 7.6 (as approximated by cal-
culating the pairwise F-score, then subtracting that score from 1), is larger than the sum
of the 1—F distances from tree 1 to 3 and from tree 3 to 8, thus violating the triangle
inequality condition. We can measure how frequently the triangle inequality is violated by
the 1—F distance score, to determine whether the violation only happens in pathological
cases or is much more common. In a full pairwise comparison of the 50-best parses output
by the Charniak parser for WSJ section 24, about 4% of the pairwise comparisons violate
the triangle inequality condition. This condition is not violated, of course, when using the
D-score metric (Equation 7.2) to perform the pairwise comparisons.

To calculate the similarity of and distance between parse candidates in an n-best list,
we compare each candidate in the list to each of the other candidates in the list and take
the averaged pairwise score for each candidate; we will refer to these scores as Pairwise-F
and Pairwise-D scores. We could use these pairwise metrics simply to re-order an n-best

list of parses. Table 7.1 shows the results of ordering n-best parses, as generated under the
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1vs8& 1vs3 3 vs 8
1—Pair-F: 0.3333 1—Pair-F: 0.0909 1—Pair-F: 0.0117
Pair-D: 0.5 Pair-D: 0.1667 Pair-D: 0.375

Figure 7.6: Three trees, each compared to each of the others using the F-score similarity metric
and the D-score distance metric. Using 1—F to approximate distance violates the triangle inequality
condition as shown.

seven different conditions we are investigating, according to each parse candidate’s parser
score, pairwise F-score, and pairwise D-score. Here we are simply exploring whether re-
ordering the lists according to similarity and distance scores, rather than baseline system
scores, will change the top-ranked candidate. Indeed, we see in the table that, under some
of the test conditions, both of the pairwise metrics do select a better top candidate than
the baseline system score did. The F-score of the top-ranked candidate is significantly
improved (paired t-test, p<0.001) under the 50-best, 100-best, and 50-best U Reranker-

constrained conditions (bolded and marked by an asterisk in the table) using either of the
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Parser | Pairwise | Pairwise
Condition Score | F-score | D-score
50-best 88.9 89.4 89.4
100-best 88.8 89.3 89.3
Self-trained 90.2 90.4 90.4
CSLUt-constrained 88.4 88.6 88.6
Reranker-constrained 89.6 89.7 89.8
50-best U CSLUt 89.4 89.4 89.5
50-best U Reranker 89.2 89.9 89.9 *

Table 7.1: F-scores on WSJ section 24 of 50-best output parses where candidates were re-scored
and re-ordered by pairwise F-score or D-score comparison values. Bolded results and asterisks in-
dicate conditions where the re-ordering resulted in a statistically-significant (paired ¢-test, p<0.01)
improvement in F-score accuracy of the top-ranked parse candidate.

pairwise scores to order the candidates. We also see a small but statistically insignificant
improvement under each of the other conditions as well.

In Table 7.1 there seems to be little difference between the results of using the Pairwise-
F and Pairwise-D metrics to re-order the candidates, with just a small difference shown in
the table for the Reranker-constrained and the 50-best U CSLUt-constrained conditions.
Even though the F-score of each set is nearly identical, that does not necessarily mean that
each pairwise score is selecting the same candidate as the one-best candidate. Furthermore,
since we created the D-score to meet the formal conditions required of a distance metric
without much regard to how well it correlated to the evaluation metric (F-score), it is a
fortunate coincidence that selecting the candidate closest to the other candidates in the
space, rather than the candidate most similar to the others in the space, results in similar
accuracy rates.

Note the similarity between these methods of pairwise comparison and minimum
Bayes-risk inference [106] (see also [97, 133, 135, 195]). The value resulting from the
full pairwise comparison represents the expected loss of the hypothesized candidate with
respect to the remainder of the n-best list. In this chapter we use the F-score and D-score
metrics to characterize the diversity of candidates within a space. In Chapter 8 we will
explore how these metrics behave as weighted distributions over the space, and whether
they provide utility as weight-distribution features in downstream stages.

As shown in Table 7.1, re-scoring a set of candidates may effect a total re-ordering
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Figure 7.7: Rank-order accuracy produced by re-ordering the n-best candidates according to the
log-probability score, Pairwise-F score, and Pairwise-D score of each candidate; the Pairwise-F and
Pairwise-D lines appear to overlap in these graphs. Compares candidate rank, as determined by
one of the three baseline-scores, against the true rank of each candidate (dotted black line).

of the list. Figure 7.7 shows the rank-accuracy of the Pairwise-F and Pairwise-D scores,
as compared to the parser probability score. As can be inferred from the graphs and
as shown in Table 7.2, both of the pairwise metrics come closer to the true ranking
(shown as a dotted line along the diagonal), and thus more closely approximate the true
candidate ranking than does the log-probability score. Recall from Chapter 6 that a
perfect ranking would result in even and uneven margins of 0. From the table we see

that the pairwise metrics provide a more accurate ranking than the parser log-probability

score. More specifically, we can see from Figure 7.7 that the pairwise metrics provide
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Parser-Ranked | Pairwise*-Ranked

Even Uneven Even Uneven
Condition n Margin | Margin | Margin | Margin
50-best 47.9 14.9 0.134 9.4 0.126
100-best 95.2 29.9 0.092 18.3 0.090
Self-trained 49.8 14.8 0.133 8.7 0.118
CSLUt-constrained 46.2 14.9 0.155 9.1 0.139
Reranker-constrained || 46.9 14.7 0.152 8.9 0.131
50-best U CSLUt 75.0 23.7 0.105 14.8 0.100
50-best U Reranker 72.1 23.5 0.110 13.6 0.103

Table 7.2: Even and uneven margins calculated as a measure of rank-order accuracy, for parser-
ranked m-best lists as compared to rankings produced by the pairwise metrics.
*Pairwise-F and Pairwise-D scores resulted in similar margins; only Pairwise-D is shown here.

a more accurate ranking for the bottom half of the n-best lists, which is reflected in
Table 7.2: the pairwise metrics show a great improvement in the even margins over the
parser-ranking, whereas the improvement is much smaller for the uneven margins (where
lower-ranked candidates are not weighted as heavily as top-ranked candidates). Note that
in the Self-trained condition, the pairwise-ordering results in an uneven margin smaller
than the 50-best condition, which is somewhat surprising given that the lists are of similar
size. Interestingly, the pairwise-ordered lists have smaller even margins than the reranker-
ordered lists under all of the test conditions (see Table 6.3, p. 142), and smaller uneven
margins under the Self-trained, CSLUt-constrained, and Reranker-constrained conditions.
We saw this improvement in rank-order translate to an improved one-best accuracy using
the pairwise metrics (refer back to Table 7.1); unfortunately the pairwise metrics did not

prove beneficial as reranking features, as will be shown in Chapter 8.

7.2.2 Levenshtein Distance

Both the F-score and D-score metrics produce length-normalized scores, from [0,1] in-
clusive. Such normalization accounts for size differences in the comparison objects (i.e.,
shorter versus longer word sequences, or smaller versus larger trees), but does not provide
an absolute distance between two objects. For example, in Figure 7.6 we saw that the
D-score distance between trees 1 and 8 is 0.5. However, looking at the two trees and

their difference-tree shown in the lower-left corner of the figure, we can see that there are
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four nodes (including POS-tag nodes) that differ between the two trees: (S,4,6), (VP,4,6),
(NN,5,5), and (JJ,5,5). A more intuitive distance-metric, then, might be to simply count
the number of nodes that differ between a pair of trees. For such a metric, we can use the
Levenshtein distance metric [142].

Levenshtein distance is calculated as the minimal number of edits required to transform
the source sequence into the target sequence. There are three allowable types of edits:
insertion, deletion, and substitution. All edit operations are assumed to be made on a
single entity in the sequence, i.e., a single character in a word, or a single word in a
sentence. For example, to transform the word “trading” into the word “raining,” the

following sequence of operations would be performed:

1. delete ‘t’ (trading — rading)
2. substitute ‘n’ for ‘d’ (rading — raning)

3. insert ‘i’ (raning — raining).

As we can see, “trading” was transformed into “raining” in three steps, i.e., three edits.
Of course there are other ways to perform the transform, some of which require the same
number of steps; however, there is no transform that requires fewer than three edits, thus
three is the Levenshtein distance between “trading” and “raining.”

Levenshtein distance is frequently used to calculate the difference between strings,
but we can also calculate the Levenshtein distance between a pair of parse trees. By
representing a parse tree as an ordered set of nodes (ordered by start index and span), we
can perform the same distance calculation on two ordered sets of nodes as on a sequence
of characters. In fact, as discussed in Section 3.3.2 (p. 65), the commonly-used scoring
script evalb represents parse trees as a set of labeled nodes. Figure 7.8 shows a parse tree
and the sequence of labeled nodes to represent the tree.

Thus if we wish to compare trees 1 and 8 from Figure 7.6 (p. 156), tree 1 would be

represented as follows:

[(S1,0,5), (S,0,5), (NP,0,1), (NN,0,0), (NNS,1,1), (VP,2,5), (VBD,2,2), (PP,3,5),
(IN73’3)’ (NP7475)7 (JJ7474)7 (NN7575)]
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(b)

S1

|
S

N

NP VP

N

NN NNS - yBp PP
| |
Stock prices ro‘se I Np

mn JJ NN

| |
light trading

[(S1,0,6), (S,0,6), (NP,0,2), (NN,0,1), (NNS,1,2), (VP,2,6), (VBD,2,3),
(PP,3,6), (IN,3,4), (NP,4,6), (JJ.4,5), (NN,5,6)]

Figure 7.8: Context-free tree (a) and its representation as a set of labeled brackets (b).

and tree 8 from the same figure:

[(S1,0,5), (S,0,5), (NP,0,1), (NN,0,0), (NNS,1,1), (VP,2,5), (VBD,2,2), (PP,3,5),
(IN,3,3), (S,4,5), (VP,4,5), (NN,4,4), (NP,5,5), (NN,5,5)].

If we treat each node in the set as a character in a string, then we can calculate the

Levenshtein distance between the two sets—thus calculating the Levenshtein distance

between the two trees. The nalve method to transform the first set into the second would

be to simply delete any nodes in the first set that are not in the intersection of the two

sets, and insert any nodes in the second set that are not in the intersection, which would

result in six edits. There are actually only four edits required to transform tree 1 into

tree 8:

. substitute (NP,5,5) for (NP,4,5)
. substitute (NN,4,4) for (JJ,4,4)

. insert (S,4,5)

insert (VP,4,5),
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resulting in a Levenshtein distance of four. Looking at the difference-tree of tree 1 versus
tree 8 in the lower-left corner of Figure 7.6, this value makes some intuitive sense. Indeed,
we can see that tree 8 has two more nodes than tree 1 (two insertions), and two nodes
that differ only by span or label* (two substitutions).

The Levenshtein distance is commonly computed using a bottom-up dynamic pro-
gramming algorithm which is O(m *n) in time and space. There are several simple upper
and lower bounds on Levenshtein distance: it is always at least the difference of the sizes
of the two strings (|m — nl); it is at most the length of the longer string; it is zero if and
only if the strings are identical; and if the strings are the same size (m == n), then the

Hamming [105] distance®

is an upper bound on the Levenshtein distance.

Note that using the Levenshtein distance instead of some other distance metric, like D-
score, will not change the relative ranking of any set of objects from the ranking defined by
the other distance metric. The added value of the Levenshtein distance is that it provides
an intuitive measure of the absolute distance between two objects rather than the relative
‘distance.” Thus we will use the Levenshtein distance metric extensively throughout the

next few sections to give a sense of the distribution of the candidates in a pipeline search

space.

7.2.3 Metrics from Graph Theory

It would be a simple matter to represent a candidate-defined search space as a fully-
connected graph, where each node represents one of the candidates. Thus, in this section
we will explore a number of different metrics from graph theory to measure spatial char-

acteristics.

Eccentricity and Diversity

In graph theory, the maximum distance from one node to any other in the graph is called

the eccentricity of that node [32]. The largest eccentricity value over all the nodes in

4Substitutions where the node-label differs are difficult to show in a difference-tree, and are thus visually
represented as an insertion and a deletion.

®Calculated as the number of substitutions required to change one string into another where each string
is the same length.
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the graph is called the diameter of the graph; the radius of the graph is defined as the
minimum eccentricity value of all the nodes in the graph. If we assume that a fully-defined
search space represented by a set of solution candidates is a fully-connected graph, with
each candidate representing a node in the graph, then we can calculate the eccentricity of
each candidate by conducting a full pairwise comparison with one of our distance metrics
(Levenshtein edit distance or D-score).

Table 7.3 shows the average calculated diameter and radius (averaged maximum eccen-
tricity and averaged minimum eccentricity, respectively) for each of our seven conditions.
We used the Levenshtein distance metric to compare parse candidates, allowing only for
deletions and insertions (no substitutions), and including part-of-speech tags in the com-
parison. We can use the diameter values as an estimate of the size of the space, rather
than using the number of candidates in the list to represent size. In fact, the diameter
of a space and the number of candidates in the space seem to have a proportional re-
lationship in the table: the larger candidate sets (100-best, 50-bestUCSLUt-constrained,
and 50-bestUReranker-constrained) are also larger in diameter. However, the relationship
is not linear; even though the 100-best set has nearly twice as many candidates as the
50-best set, its diameter is much less than twice the diameter of the 50-best space.

Note that in graph theory, diameter < 2+radius rather than the more expected relation
of diameter = 2xradius, intuitively because there is no guarantee that there will be a node
at the exact center of the graph. Indeed, the graph-theory relation holds true here, as
expected, indicating that there is not always a parse candidate occupying the exact center
of the space. We will return to this notion of central and peripheral nodes in Section 7.2.4
and again in Section 7.3.1.

We measure the density of the space by calculating the area of the space as radius?r,
then dividing the number of candidates in the space by this area.® We could also take the
inverse of this measurement to give an estimate of the area occupied by one candidate. The
rightmost columns of Table 7.3 show the density and the average area per candidate for

each of our seven conditions. In comparing the 50-best condition to the CSLUt-constrained

SPopulation density is taken as a measurement of population per unit area (or unit volume).
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Avg Avg Density | Density !
Condition n | Diameter | Radius | (n/Area) | (Area/n)
50-best 49.9 17.7 11.0 0.19 8.5
100-best 99.5 20.3 12.5 0.28 9.5
Self-trained 49.8 18.7 11.6 0.17 9.5
CSLUt-constrained 49.0 16.1 10.3 0.23 7.7
Reranker-constrained | 48.8 16.0 10.1 0.23 7.4
50-best U CSLUt 74.9 19.8 12.3 0.23 7.2
50-best U Reranker 72.1 19.1 11.7 0.23 6.8

Table 7.3: Diameter-distance and radius-distance of parse candidates produced under various
conditions; distance is measured as Levenshtein distance between sets of parse nodes.

and Reranker-constrained conditions, we see that the constrained spaces are slightly more
dense. This is unsurprising, given what we know about the conditions under which these
lists were produced: we expected a constrained space to be more densely populated than
an unconstrained (or less-constrained) space. Surprisingly, the union of these lists (50-best
U CSLUt and 50-best U Reranker) results in the same density as either of the constrained
lists on their own, though denser than the 50-best list on its own.

Somewhat surprisingly, the 100-best space is quite a bit more dense than the 50-best
space. This is probably related to the manner in which the Charniak [41] parser fills a
parse-chart to produce n-best parses, and will be examined more closely in Section 7.3.3.
Also surprisingly, the space generated under the Self-trained condition, which we expected
should correspond fairly closely to the 50-best condition, is just slightly more sparse than
the 50-best space. Unlike the base-constrained conditions, there is nothing inherent in the
manner by which the Self-trained space is produced that would explain this discrepancy
in density. Does it hint that the reranking paradigm does not perform as well on sparse
spaces as compared to dense spaces? In Section 7.3 we will directly manipulate the density

of a space in order to explore this possibility.

Path Distance and Regularity

We again borrow from graph theory, utilizing the definition of a path” to help measure the

regularity and coverage in a space. In graph theory, a path is an alternating sequence of

" Also referred to as an open walk.
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Path-Distance to n
Condition n Base | Pair-F | Pair-D
50-best 47.9 || 355 235 233
100-best 95.2 || 803 502 499
Self-trained 49.8 375 252 249
CSLUt-constrained 46.2 332 213 211
Reranker-constrained || 46.9 328 214 211
50-best U CSLUt 75.0 557 397 394
50-best U Reranker 72.1 531 365 363

Table 7.4: Average path-distance from the parser-best candidate to the parser-worst candidate,
through the space of all parse candidates produced under various conditions; distance is measured
as Levenshtein distance between sets of parse nodes. Paths follow the candidate-ordering as defined
by the baseline parser-score (Base), pairwise-F score (Pair-F), or pairwise-D score (Pair-D).

nodes and edges that starts and ends with a node, where the starting and ending nodes of
the path are distinct. A Hamiltonian path [104] is a path which passes through every node
in the graph once and only once. A node-edge-node sequence in a path is only permissible
if the nodes are connected in the underlying graph. In graph theory the length of a path
is calculated as n-1, where n is the number of nodes visited; if a node is visited more
than once, it is counted each time it is visited. In this dissertation we will also define the
distance of a path as the sum of the distances between each node along the path, where
distance between nodes is calculated using one of our distance metrics (Levenshtein edit
distance or D-score).

Since we typically have an arbitrary ordering of the candidates in a fully-specified
space (ordered by the score of the candidate from the upstream stage), we can create a
path that follows this ordering. By examining the characteristics of such a path, we can
characterize the ordering provided by the upstream stage. Furthermore, since candidate-
ordering is often used (either implicitly or explicitly) as a feature in downstream stages,
in Chapter 8 we will use this path-distance metric again in order to explore how ordering
characteristics may correspond to downstream performance in the pipeline. We can also
re-order the candidates according to their similarity to or distance from each other, as
was done in Table 7.1, and create a path that follows that ordering. Each of these paths,
following either the baseline-parser score, the F-score similarity metric, or the D-score

distance metric ordering, is a Hamiltonian path by definition, since the path will pass
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through each node (candidate) exactly once. Since each of these paths will pass through
every candidate in the defined space, the same nodes will be covered by each path and
the length of each path will be identical. However, the distance of each path, measured
as the sum of the distance (or difference) between each node, may differ. Table 7.4 shows
the average path distance using these three ordering methods under our seven conditions
under investigation.

By comparing the Base Path-Distances (second column) of Table 7.4 to the values in
the rest of the columns in the table, we can clearly see that path-distance is related to
the number of candidates in a space. The path-distance is greatest under the 100-best
condition, which also has the greatest number of candidates; and the path-distance is
smallest under the Constrained conditions, which also have the fewest number of can-
didates. These results indicate that the path through an entire set of candidates must
travel a greater distance when following the order defined by the baseline parser-score
than when following the order defined by either the pairwise F-score similarity metric or
the pairwise D-score distance metric. This tells us that the parser score does not tend to
order candidates by similarity (which we will see again in Chapter 8, p. 191), and instead
of generating an efficient path through the space, forces the path to jump from candidate
to candidate without regard to their location in the space defined by the candidate set.
The Pair-F and Pair-D values differ very little from each other, telling us once again that
there is very little difference between the total path-distances of the candidates ordered
by the Pairwise-F similarity and the candidates ordered by the Pairwise-D distance.

All three of the paths represented by Table 7.4 measure the distance required to cover
the entire space. However, it may not be necessary to walk the entire space. In Chapter 6
(p. 138) we discussed the notion of oracle-best candidates. One could imagine that the
only path necessary to walk within a space is that from some starting point (the baseline-
best candidate, for instance) to the oracle candidate. We can calculate the distance of
such a path, as shown in Table 7.5. In this table, as opposed to Table 7.4, there is very
little difference between the path-distances in a baseline-parser ordered space versus a
similarity- or distance-metric ordered space. However, the length of the path, calculated

as the number of nodes in a path and shown in the rightmost columns of Table 7.5, is much
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Path-Dist to Oracle Path-Length to Oracle
Condition n Base | Pair-F | Pair-D || Base | Pair-F | Pair-D
50-best 47.9 63 60 60 9.5 15.0 15.0
100-best 95.2 120 119 119 15.6 27.7 27.6
Self-trained 49.8 56 55 55 8.4 13.7 13.6
CSLUt-constrained 46.2 49 51 51 8.0 13.7 13.7
Reranker-constrained || 46.9 45 48 48 7.4 12.9 12.9
50-best U CSLUt 75.0 84 96 96 11.9 21.1 21.1
50-best U Reranker 72.1 87 90 89 12.1 20.9 20.8

Table 7.5: Average path-distance and path-length from the parser-best candidate to the oracle-
best candidate; distance is measured as Levenshtein distance between sets of parse nodes. Paths
follow the candidate-ordering as defined by the baseline parser-score (Base), pairwise-F score (Pair-
F), or pairwise-D score (Pair-D).

longer for the similarity- and distance-ordered candidates than for the baseline parser-
ordered candidates, at nearly double the length under all conditions. The bolded numbers
in the table indicate that the path-distance was noticeably greater for the similarity- and
distance-ordered candidates under the 50-best U CSLUt-constrained condition. Does the
difference between this condition and the others indicate that path-distance to the oracle
candidate can influence downstream pipeline performance? We will examine the effects of
path-distance more closely in Section 7.3.2.

Given the nearly-identical values for the path distances, it is perhaps surprising that
the path lengths differ so much. We can surmise that the oracle candidate remains at
about the same distance from the top-ranked candidate (according to either of the three
ranking metrics). The path from the top-ranked candidate to the oracle-candidate is
comprised of a larger number of steps under the similarity- or distance-ordering, but each
of the steps themselves are shorter than the steps along the path created by following the
parser-score ordering. Thus the similarity- and distance-ranking creates a denser space
between the first candidate and the oracle-candidate.

There are many possible ways to order candidates in a list, and if the search space is
truly a fully-connected graph, then any downstream stage would be able to move from
one candidate to another without being restricted to some pre-defined path through the
candidates. In Chapter 8 we will examine several ways in which candidate-order can be
used to affect downstream stages, but for now we simply want a sense of how candidates

are laid out in the space.
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7.2.4 Nearest Neighbor Analysis

Having formally defined the area and density of a search space, we can now apply a nearest
neighbor analysis [54, 188] on our seven data sets under investigation. Calculating the k-
nearest neighbors of a data point is a common method in pattern recognition, typically
used for clustering data points as discussed in Section 3.2.9. We will use the nearest-
neighbor analysis to measure the regularity of a search space.

The nearest neighbor statistic R is defined as follows:
R=R,/R. (7.3)

where R, is the observed average of the distance from each point in the space to its
nearest neighbor, and R, is the expected average distance if the same number of points

were randomly scattered in the same area. We can define R, as:
R — r 1
¢ 2/p  2y/n/A

where p is density, n is the number of points in the space, and A is area. If the nearest

(7.4)

neighbor statistic R=1, then we know that the data is scattered in a random pattern
throughout the space. If R is much lower than 1 (i.e., R, is much smaller than R.), then
the data points are more clustered than randomly distributed; if R is much larger than
1 (i.e, R, is much higher than R.), then the data points are more uniformly distributed
than randomly.

Since we are interested in whether or not the candidates are distributed uniformly
throughout the space, we will test a hypothesis of Hy : R <1 (Ha: R > 1). If Hy is true,
then the mean of R is 1. Furthermore, according to Petrere [170], the variance of R is
approximately:

Var(R) = (4 —m)/(m *n) (7.5)

where n is the number of points. So we can standardize R:

z=(R—-1)/y/Var(R) ~ 1.913 % (R — 1) x /n. (7.6)
The distribution of z should be approximately normal, so values of z larger than 1.68 will

allow us to reject Hy in favor of H4 at p<0.05 [179]; in other words, we can conclude that

the candidates are not randomly distributed in the space.
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Density R

Condition n | (n/Area) | (Ro/Re)

50-best 49.9 387.2 9.9 *
100-best 99.5 577.6 14.0 *
Self-trained 49.8 357.6 9.9 *
CSLUt-constrained 49.0 435.8 9.8 *
Reranker-constrained || 48.8 442.6 9.8 *
50-best U CSLUt 74.9 450.7 12.1 *
50-best U Reranker 72.1 472.2 11.9 *

Table 7.6: Using the nearest-neighbor statistic to determine whether the parse candidates, as
produced under various conditions, are distributed uniformly throughout the space; distance is
measured as the D-score distance between sets of parse nodes.

In Table 7.6 we apply this nearest neighbor statistic to our seven data sets. The
nearest neighbor of each parse tree was calculated using our D-score distance metric from
Section 7.2.1.8 The density of each candidate set has been re-calculated (from what was
reported previously in Table 7.3) in terms of the D-score distance, but the relative com-
parisons remain: the 100-best set has the highest density, and the 50-best and Self-trained
sets have the lowest. As we can see from the table, the nearest-neighbor statistic is signifi-
cantly greater than one for all of our data sets, indicating that, somewhat surprisingly, the
data points are not randomly distributed throughout the space and, in fact, are uniformly

distributed.

7.2.5 Spatial Characteristics of Other Constraint Types

The examples that we have used throughout this chapter to measure the spatial char-
acteristics of a candidate set have all been examples of fully-specified, complete solution
constraints. Thus our measurements gave an exact characterization of the space to be
searched by our downstream reranker. However, one could also apply these metrics to
under-specified or partial solution constraints to obtain an approximate characterization

of the downstream stage’s search space.

8With our approximation to a two-dimensional space here, the R statistic performs better with contin-
uous numbers, such as those produced by the D-score, than with a small set of discrete numbers, such as
those produced by the Levenshtein edit distance. We did, however, repeat the test with the Levenshtein
distance calculations, which returned nearly identical results.
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7.3 Manipulating the Distribution of Candidates

In the remainder of this chapter we will explore the effects of manipulating the distribu-
tion of candidates in a space. We have discussed the pros and cons of the “diversity” of
a space; in Section 7.3.1 we will experiment with one method to maximize diversity using
the distance metrics we discussed in Section 7.2.1. We hypothesized that a large distance
between candidates might prove problematic for downstream learning algorithms, so in
Section 7.3.2 we will minimize step-distance in an n-best list of parses by applying the
Levenshtein distance metric to parse trees as discussed in Section 7.2.2. Finally, in Sec-
tion 7.3.3 we explore a method to generate candidates in a systematic stepwise manner,
to ensure complete coverage of the space.

We used the Charniak and Johnson [44] parser and reranker for all of the experiments
conducted in this section, with exactly the feature sets described in that paper. The
reranking model was trained on output from the Charniak parser on WSJ sections 2-21,
with section 00 used as heldout. The output from the Charniak parser was produced
using a typical 20-fold cross-validation scheme with 2000 sentences per fold. We report
results on section 24. Each of the experiments differ only in the data that was input to the
reranker for training and testing, essentially inserting another processing stage .S, between
the parser and reranker stages in the pipeline. The different processes implemented at this

stage S, will be discussed in each section below.

7.3.1 Maximizing Diversity

The objective of this section is to determine how altering the diversity of a search space
will affect downstream performance. We will, of course, report on reranker-best F-score, as
well as oracle-best and oracle-worst rates. However, we will also examine the spatial effects
of the manipulation, by applying the graph-based metrics introduced in Section 7.2.3 to
the manipulated space.

Here we take a simple approach to maximizing diversity in a space, by selecting from

9Note that because we select candidate from the 100-best parse candidates, the parser-best score is not
identical to the parser-best score under the baseline 50-best condition, but instead matches the parser-best
score under the 100-best condition, reported elsewhere.



171

Parser | Initial | Reranker | Oracle | Oracle
Conditions Best Best Best Best | Worst
Baseline (50-best) 88.9 - 90.2 96.0 68.1
Maximized Similarity
Init parser-best? 88.8 88.8 89.7 94.0 78.1
Init centroid (max-sim) 89.1 89.3 89.9 94.0 78.4
Maximized Diversity
Init parser-best? 88.8 88.8 89.7 94.9 64.6
Init centroid (max-sim) 87.3 89.3 89.2 95.5 64.6
Init edge (max-div) 80.4 69.6 88.1 95.1 64.6

Table 7.7: F-scores of the parser-best, reranker-best, and oracle-best candidates from the top-50
parse candidates selected from the 100 parser-best candidates; the top-50 were selected based on
minimal or maximal distance from either the parser-best candidate, the centroid of the 100-best
space (the maximally-similar candidate), or the edge of the 100-best space (the maximally-diverse
candidate).

a large candidate set only those that meet our diversity criteria. Specifically, we start
with the 100-best parses output by that Charniak parser and select out of those 100 only
50 parses, so we can compare to the baseline of 50-best parses output directly by the
parser. We conduct a full pairwise comparison of the candidates in the 100-best list,
using the F-score similarity metric discussed in Section 7.2.1 to measure the similarity
between two parse trees, then rank the 100 candidates according to the averaged pairwise
score. The top candidate—where “top” is defined either (1) as the parser-best candidate,
(2) as the maximally-similar node, at the center of the space, or (3) as the maximally-
diverse (or minimally-similar) node, at the periphery of the space—is used to initialize the
newly defined, manipulated space. Then candidates are selected from the 100-best parse
list according to their pairwise similarity or diversity score, and the process continues
until the new space is full (at 50 candidates) or all of the 100-best candidates have been
selected.!”

Table 7.7 shows the results of this experiment. None of the new techniques improved
over our baseline. However, there are several items of note in this table. First, the oracle-
worst rate is 10 percentage points higher for the maximized-similarity sets than for the

baseline; whereas the oracle-worst rate for the maximized-diversity sets are about 5 points

10The Charniak parser occasionally outputs fewer than n candidates for an n-best list.
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Avg Avg Density Path-Distance

Conditions Diam. | Radius | (n/Area) ton | to Oracle
Baseline (50-best) 17.7 11.0 0.19 355 63
Maximized Similarity

Init parser-best 104 6.4 0.56 248 40

Init centroid (max-sim) 10.2 6.3 0.57 243 39
Maximized Diversity

Init parser-best 20.3 13.7 0.12 494 105

Init centroid (max-sim) 20.3 13.3 0.13 494 108

Init edge (max-div) 20.3 9.3 0.47 495 156

Table 7.8: Diameter and radius, diversity, and path distances, measured as Levenshtein distance
between sets of parse nodes, of the top-50 parse candidates selected from the 100 parser-best
candidates; the top-50 were selected based on minimal or maximal distance from either the parser-
best candidate, the centroid of the 100-best space (the maximally-similar candidate), or the edge
of the 100-best space (the maximally-diverse candidate).

lower than the baseline. Second, none of the oracle-best rates were affected much by the
manipulation. Decreased oracle rates are often “blamed” for poor downstream perfor-
mance, as we discussed in Chapter 6, but the oracle-best rates did not drop much here
and yet reranker performance did not improve. Finally, note the increase of 7.7 percentage
points from parser-best to reranker best under the maximized-diversity condition where
the initialization point was at the edge of the space, then compare to the much smaller
gain of 1.3 points achieved under the baseline condition.

Here we briefly discuss why we only maximize diversity when initializing the space
with an edge node, since maximizing similarity from such a starting point would result in
a set of candidates clustered right at the edge of the space, as far away as possible from
the center of the space. The centroid is generally a very strong candidate, as seen by
the Initial-Best column, which provides a score of the “top” candidate used to initialize
the manipulated space—in fact, the centroid candidate has a slightly higher F-score than
the parser-best candidate. Thus, generating a cluster of candidates far away from such a
strong baseline candidate simply seemed illogical.

Having conducted the typical evaluations for our diversified candidate sets, we now
examine the effects on the spatial characteristics of the space. In Table 7.8, we can see

the diameter, radius, density, and path-distance characteristics of our newly-defined sets.
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As expected, the diameter and radius!! of the maximized-similarity sets decreased as
compared to the baseline, and correspondingly the density of the set increased. The path-
distance characteristics, too, are as expected: shorter paths in the highly-similar sets,
and longer paths in the highly-diverse sets. One slightly odd result can be seen with the

edge-initial node, which is nearly as dense as the highly-similar sets.

7.3.2 Minimizing Step-Distance

In this section we will examine how “step-size,” or the distance between two points in
a space, can affect downstream performance. As before, we will report on reranker-best
F-score and oracle rates, as well as the spatial characteristics of the manipulated space.

For this set of experiments we began with the 50-best candidates output by the Char-
niak parser. Initializing always with the parser-best candidate, we then included any point
in the 50-best set that was within some bounded distance of a point in our newly defined,
manipulated space. We used the Levenshtein distance metric to calculate the distance
between any pair of parse trees—note that we use the raw Levenshtein distance here,
not an averaged pairwise comparison score. Table 7.9 shows the results of these experi-
ments; we do see a small but statistically insignificant gain in reranker-best accuracy at
the Levenshtein-distance threshold of 9.

Another note of interest is the progression of oracle-best and oracle-worst rates. As the
threshold increases, allowing more of the 50-best candidates to be included in the space,
the oracle-best rate increases while the oracle-worst rate decreases. The rate of increase
and decrease is not identical, but is certainly a much smoother progression than we have
seen for other methods of pruning a space, including simply taking the top-n parses as
ranked by the parser probability score.

In Table 7.10 we see the spatial characteristics of our manipulated sets. The most
noteworthy result from this table is that of the density, which is very high at all thresholds,

even at a threshold of 10 where nearly all of the 50-best candidates have been included.

' Recall that the diameter and radius are both based on eccentricity, which is the maximum distance
from one node to any other in the graph; the diameter is the maximum eccentricity of the graph and the
radius is the minimum eccentricity.



Parser | Reranker | Oracle | Oracle
Conditions n Best Best Best Worst
Baseline (50-best) || 49.9 88.9 90.2 96.0 68.1
Lev-distance 1 23.4 — 89.2 90.8 87.9
Lev-distance 2 33.1 — 89.4 92.0 86.0
Lev-distance 3 40.5 — 89.6 93.4 83.5
Lev-distance 4 44.1 — 89.8 94.1 81.4
Lev-distance 5 45.6 — 90.0 94.5 79.4
Lev-distance 6 47.6 — 90.2 95.0 76.9
Lev-distance 7 48.2 — 90.3 95.2 75.4
Lev-distance 8 48.8 — 90.3 95.3 73.4
Lev-distance 9 49.2 — 90.4 95.5 72.5
Lev-distance 10 || 49.5 — 90.3 95.7 71.3
Self-trained 49.8 90.2 90.9 96.4 67.0
Lev-distance 1 21.9 — 90.3 91.8 83.7
Lev-distance 2 31.7 — 90.4 93.0 79.9
Lev-distance 3 40.1 — 90.6 94.4 76.0
Lev-distance 4 43.8 — 90.7 95.0 73.9
Lev-distance 5 45.6 — 90.7 95.3 72.4
Lev-distance 6 47.4 — 90.5 95.7 70.7
Lev-distance 7 48.0 — 90.7 95.8 70.1
Lev-distance 8 48.7 — 90.8 96.0 69.2
Lev-distance 9 49.0 — 90.7 96.1 68.8
Lev-distance 10 || 49.3 — 90.8 96.3 68.3
50-best U CSLUt || 75.0 89.4 90.3 96.6 65.6
Lev-distance 1 32.7 — 89.6 91.5 82.0
Lev-distance 2 47.0 — 89.7 92.8 78.2
Lev-distance 3 58.5 — 89.8 94.2 74.7
Lev-distance 4 64.1 — 89.9 94.8 72.5
Lev-distance 5 67.0 — 90.0 95.3 71.1
Lev-distance 6 70.2 — 90.3 95.8 69.3
Lev-distance 7 71.4 — 90.3 96.0 68.6
Lev-distance 8 72.5 — 90.2 96.2 67.8
Lev-distance 9 73.2 — 90.2 96.3 67.3
Lev-distance 10 || 73.9 — 90.3 96.5 66.8

174

Table 7.9: F-scores of the parser-best, reranker-best, and oracle-best thresholded parse candidates
selected from the 50-best parser candidates. Parse trees are included in the thresholded set if the
parse tree’s Levenshtein distance from any other tree in the thresholded set is less than or equal

to the threshold.
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Avg Avg Density Path Distance
Conditions Diam. | Radius | (n/Area) ton | to Oracle
Baseline (50-best) 17.7 11.0 0.19 355 63
Threshold
Lev-distance 1 7.5 3.5 0.97 91 8
Lev-distance 2 10.0 4.5 0.92 156 19
Lev-distance 3 12.2 5.3 0.86 221 31
Lev-distance 4 13.7 5.8 0.86 261 40
Lev-distance 5 14.5 6.1 0.86 282 44
Lev-distance 6 15.6 6.4 0.85 310 49
Lev-distance 7 16.0 6.6 0.85 320 52
Lev-distance 8 16.5 6.7 0.85 331 55
Lev-distance 9 16.8 6.8 0.84 338 a7
Lev-distance 10 17.1 6.9 0.85 344 60

Table 7.10: Diameter and radius, diversity, and path distances, measured as Levenshtein distance
between sets of parse nodes, of the thresholded parse candidates selected from the 50-best parser
candidates. Parse trees are included in the thresholded set if the parse tree’s Levenshtein distance
from any other tree in the thresholded set is less than or equal to the threshold.

Furthermore, we can see that while the diameter of the space at threshold-10 is nearly
identical to that of the baseline condition, the radius is much smaller. Thus we make
the supposition that the Levenshtein-distance threshold is perhaps excluding some of the

outliers, very distant candidates that can greatly affect measurements of the space.

7.3.3 Generating a Complete-Coverage Search Space

The experiments presented in both of the previous sections suffer from the same potential
problem: we selected candidates from a set generated by a parser, which is trained to
produce a high-quality top candidate, not a high-quality set of candidates. In fact, a
typical reranking system might suffer from a similar problem. Furthermore, the output
candidate set may have qualities that prove difficult for reranker training and testing.
Selecting the method for and then defining the search space in a pipeline is typically
ad-hoc, often based on the implementations of other pipeline systems within the same
field. For example, many recent pipeline systems have been implemented with 50-best
or 20-best lists to define the search space of a pipeline stage, with very little reasoning
as to why 50 (or 20) was selected as the size of the list, other than citations to previous

studies implementing the same-size lists in similar pipeline systems. Current practices
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for choosing the size of an enumerated set of solutions include holding the size of the
solution set constant across each problem in a data set. Intuitively, however, it might
be reasonable to output a larger search space for problems with greater ambiguity, and
a smaller set to represent the candidates for a simpler problem, such as that presented
by annotating or translating a shorter word sequence. This research will argue for and
present better methods for defining a (fully-specified) solution set beyond selecting some

arbitrary value of n for an n-best list.

Tree Transformation

In this section we will explore a different method for generating a list of candidates for
reranking. Namely, we will use a transformation (or transduction) technique to define a
complete-coverage search space (discussed in Section 7.1.4). Other research has examined
methods like using minimum Bayes’ risk [87] for training the upstream system. Our
algorithm generates n-best lists like confusion matrices, based on the differences between
an initial parse candidate and some target parse coverage.

The tree-transformation technique begins by representing parse trees as a set of la-
beled brackets, as we did in Section 7.2.2 to calculate Levenshtein distances between parse
trees. Once we have represented a tree as a sequence of brackets,'? we can simply apply
finite-state string transducers to the sequence. By using this finite-state sequence rep-
resentation, as opposed to a context-free tree representation, we can take advantage of
well-known sequence transduction algorithms. Thus we define three classes of allowable
edits: insertions, deletions, and substitutions. Insertions add a labeled bracket to the
existing set, deletions remove a bracket from the set, and substitutions replace one of
the labeled brackets in the set with a new one. We modified the tree-alignment software
ParseDyff,'? to perform a minimum-edit distance comparison from the parser-best out-

put from the Charniak [41] parser to the centroid parse in WSJ sections 2-21, section 00,

12By choosing to represent our parse trees as a non-hierarchical sequence of brackets, and performing
edit operations on these sequences, we might encounter difficulties with crossing brackets and deleted
preterminals or words. To address this problem (which did arise but only occasionally), a simple post-
processing step was added to check for such issues, and remove invalid sequences from the output set.

Bhttp://www.cs.brown.edu/~dmcc/software/parsedyff/
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Parser | Reranker | Oracle | Oracle
Conditions n Best Best Best Worst
50-best 47.9 88.9 90.2 96.0 68.1
1,centroid 1.42 - 89.6 90.6 87.8
1-to-centroid (full-coverage) || 1.75 - 89.6 90.6 87.8
1-to-oracle 1.62 - 93.7 96.1 88.9
1-to-reference 1.80 - 96.9 100.0 88.9
100-best 95.2 88.8 90.1 96.4 64.6
1,centroid 1.46 - 89.5 90.5 87.5
1-to-centroid 1.87 — 89.5 90.7 87.5
Self-trained 49.8 90.2 90.9 96.4 67.0
1,centroid 1.39 - 90.5 91.6 89.1
1-to-centroid 1.72 - 90.7 91.7 89.0 | T*
CSLUt-constrained 46.2 88.4 89.5 94.1 69.1
1,centroid 1.41 - 88.9 89.8 87.2
1-to-centroid 1.69 - 89.0 89.9 87.2
Reranker-constrained 46.9 89.6 90.5 95.1 69.9
1,centroid 1.40 - 90.0 90.9 88.5
1-to-centroid 1.63 - 90.1 90.9 88.5
50-best U CSLUt 75.0 89.4 90.3 96.6 65.6
1,centroid 1.54 - 89.9 914 87.5
1-to-centroid 2.26 - 90.2 91.7 874 | t*
50-best U Reranker 72.1 89.2 90.6 96.5 66.4
1,centroid 1.46 - 89.9 91.1 88.0
1-to-centroid 1.92 - 90.1 91.3 87.9 *

Table 7.11: F-scores on WSJ section 24 where the search space is defined as the parser one-
best and centroid parses (1,centroid), or the fully-covered space generated by step-wise edits from
the one-best to the centroid parse candidate (1-to-centroid). * indicates a statistically significant
improvement of the (1-to-centroid)-trained reranker over the (1,centroid)-trained reranker (paired
t-test, p<0.05). 7 indicates a statistically insignificant difference between the baseline n-best—
trained reranker and the reduced-space reranker (paired ¢-test, p<0.05).

and section 24.'* We extract from ParseDyff the set of edits necessary to transform one
source tree into its target tree.

Table 7.11 shows the results of two experiments. For the first set of experiments, we
defined our n-best lists of parses to consist of just the parser-best parse and the centroid

parse. These results are shown in the table as “1,centroid.” Next, in order to explore the

14The output from the Charniak parser was, as mentioned previously, produced using a typical 20-fold
cross-validation scheme.
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effects of a fully-covered space, we applied our tree-transformation algorithm described
above to generate all parses between the parser-best parse and the centroid pase. Results
from these experiments are shown in the table as “1-to-centroid” and referred to as “full-
coverage.” From the second column of the table (n), we see that the centroid and the
one-best parse are often identical, since the average size of the 1,centroid lists is less than
two. Furthermore, since the 1-to-centroid lists are also less than two on average (except
for the 50-best U CSLUt-constrained condition), we now know that the centroid and the
one-best parse are not very “distant” in general. In fact, the average distance from the
one-best to the centroid tells us something about the space defined by the candidate set;
of particular interest is the 50-best U CSLUt-constrained condition, where the size of the
1-to-centroid lists tells us that the distance between the center of the space and the parser-
best candidate is farther than in other conditions. This makes some intuitive sense, since
this condition is the union of two arguably very different lists, where the constraints used
to generate the second list were derived from a model with very different features and
with a different optimization objective. Thus our tree-transformation algorithm serves
not only to cover any gaps in the space, but also produces a measurement that can be
used to characterize the space in a novel way.

We can also see from the table that the 1-to-centroid lists are larger than the 1,centroid
lists, indicating that there were gaps in the space between the two parses; we used our
tree-transformation algorithm to fill in those gaps and generate a fully-covered space.
The full-coverage condition resulted in a statistically significant reranker improvement,
as compared to the the 1,centroid condition, under three conditions (marked with an
* in the table). Interestingly, under two of those three conditions (marked with a f
in the table), the full-coverage 1-to-centroid reranker output resulted in a statistically
insignificant difference from the full n-best reranker output.

Under all conditions, the reranker provides a statistically significant improvement
(paired t-test, p<0.001) over the matching parser-best output; a noteworthy result, con-
sidering that the experimental conditions resulted in n-best lists consisting of fewer than
2 candidates on average, in all except one condition. Note that training reranker mod-

els with such small candidate sets requires more than an order of magnitude less time
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than training models with the full candidate sets. Thus, generating a full-coverage space
proved beneficial for downstream reranker performance, even when starting from such a
small space as that defined by the one-best and centroid candidates.

Now let us briefly discuss two “cheating” experiments, shown in Table 7.11 as the
third and fourth row under “50-best,” in which we used (a) the reference parse as the
target tree in the tree transformation, and (b) the oracle parse as the target tree. These
results are shown as “l-to-reference” and “l-to-oracle,” respectively, and are presented
here because they show some promise on several fronts. Note that the Charniak and
Johnson [44] reranker was able to achieve a much higher F-score with the very small lists
generated by tree transformation. Part of this success is likely due to the fact that under
the cheating conditions, we removed much of the noise in the n-best lists: if the parser’s
top candidate is also the oracle candidate, then the size of that list produced under the
tree transformation “to-oracle” condition will be one, and the reranker must therefore
select that candidate.

Table 7.12 is nearly identical to Table 7.11, with the exception of how the centroid
was calculated. As we noted earlier, in many of the n-best lists, the one-best parse was
also the centroid, and thus many of the lists consisted of just one candidate. The benefit
of a reranker is lost in such scenarios, since there is nothing to rerank. Therefore, in
Table 7.12, we changed the method by which we calculated the centroid, in order to
guarantee that there would be at least 2 candidates in the set input to the reranker. In
these experiments, we excluded the one-best parse from the space, then calculated the
centroid of the resulting space; we call this the second-centroid. The second column (n) of
Table 7.12 shows that, indeed, each of our candidate sets contain at least two candidates.
Furthermore, the increase in the number of candidates from the 1,centroid2 condition to
the full-coverage 1-to-centroid2 condition is larger than the increase seen in Table 7.11,
which is unsurprising; like the reranker, our tree-transformation algorithm does no work
when given a single-candidate set, and necessarily produces more output when given a two-
candidate set. Interestingly, the number of candidates under the full-coverage set under
the 50-best U CSLUt-constrained condition is again higher than the other conditions,

confirming that the distance from the one-best parse to the center of the space is farther
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Parser | Reranker | Oracle | Oracle
Conditions n Best Best Best Worst
50-best 47.9 88.9 90.2 96.0 68.1
1,centroid2 2.00 - 89.5 90.8 87.1
1-to-centroid2 (full-coverage) || 2.61 - 89.6 90.9 86.9
100-best 95.2 88.8 90.1 96.4 64.6
1,centroid2 2.00 - 89.5 90.8 86.8
1-to-centroid?2 2.77 - 89.4 90.9 86.6
Self-trained 49.8 90.2 90.9 96.4 67.0
1,centroid2 2.00 - 90.6 91.9 88.2
1-to-centroid2 2.64 - 90.7 92.0 88.0 T*
CSLUt-constrained 46.2 88.4 89.5 94.1 69.1
1,centroid2 2.00 - 89.0 90.0 86.6
1-to-centroid2 2.63 — 88.9 90.2 86.4
Reranker-constrained 46.9 89.6 90.5 95.1 69.9
1,centroid2 2.00 — 90.0 91.2 87.6
1-to-centroid?2 2.47 - 90.0 91.3 87.6
50-best U CSLUt 75.0 89.4 90.3 96.6 65.6
1,centroid2 2.00 - 90.1 91.7 86.6 1
1-to-centroid2 3.16 - 90.1 92.0 86.4 1
50-best U Reranker 72.1 89.2 90.6 96.5 66.4
1,centroid2 2.00 - 90.0 914 87.1
1-to-centroid?2 2.70 — 90.1 91.6 87.0

Table 7.12: F-scores on WSJ section 24 where the search space is defined as the parser one-best
and second-centroid parses (1,centroid2), or as the fully-covered space generated by step-wise edits
from the one-best to the second-centroid parse (1-to-centroid2). * indicates a statistically signifi-
cant improvement of the (1-to-centroid2)-trained reranker over the (1,centroid2)-trained reranker
(paired t-test, p<0.05). t indicates a statistically insignificant difference between the baseline
n-best—trained reranker and the reduced-space rerankers (1,centroid2 or 1-to-centroid2) (paired
t-test, p<0.05).

under this condition.

Under each experimental condition, the oracle-best rate is higher than in Table 7.11,
a benefit of increasing the size of the initial search space, though the oracle-worst rates
decrease under each condition as well. Note that in this table, there is no longer a statisti-
cally significant improvement from the 1,centroid2 space to the full-coverage 1-to-centroid2
space under the 50-best U CSLUt-constrained and 50-best U Reranker-constrained condi-

tions; the Self-trained condition retains its statistically significant improvement (marked
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by an * in Table 7.12). Three of the experimental conditions are statistically insignifi-
cantly different from training with the full n-best lists (marked by a { in the table), as
compared to the two conditions in Table 7.11: the Self-trained 1-to-centroid2 condition,
the 50-best U CSLUt-constrained 1-to-centroid2 condition, and additionally the 50-best U
CSLUt-constrained 1,centroid2 condition.

There are several points to be drawn from the experiments conducted in this section.
First and foremost, we were able to achieve reranker improvement over parser output with
very small candidate sets. Second, none of the transformation-generated lists include the
parser’s score for any of the candidates, which has been cited as one of the most important
features in the reranker [44]; yet the reranker was still able to improve significantly over
the parser-best output. Third, the one-best candidate and the candidate at the center
of the defined search space were of fairly high quality; a question for future research is
whether this level of quality would hold true for candidate sets produced by other systems.
Finally, by generating additional parse candidates “between” two high-quality candidates
to produce a full-coverage space, we were able to achieve an additional improvement in

reranker performance.

7.4 Conclusion

While the methods for manipulating the distribution of candidates in a space did not
yield significant improvements in one-best parsing accuracy, we did make two interesting
discoveries. First, our simple method for manipulating the diversity of a candidate set
clearly affected the density of the manipulated sets, indicating that density may be a
reasonable metric to formally measure diversity. Second, the distance between candidates
in the set inarguably affects oracle rates, both oracle-best and oracle-worst, as Table 7.9
clearly demonstrated. On the other hand, the relation between oracle-rates and reranker
performance remains unclear.

The goal of this chapter was to capture the spatial characteristics of a set of candidates.
With the metrics defined in Section 7.2, particularly the novel application of graph-theory

metrics to characterize the distribution of candidates in a space, we feel that this goal has
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been achieved. By defining formal metrics to measure the area and density of a space,
this chapter has opened the door for quantifiable comparisons across different data sets,

and indeed, across different application areas.



Chapter 8

Weighted Constraints

Chapters 6 and 7 discussed fairly concrete characteristics of pipeline constraints. This
chapter will concentrate on a different dimension of the constraint space: a probability
distribution! over the constraints, typically output as model scores in the upstream stage.
If we envision the search space as a two-dimensional area, then a probability distribution
over the constraints would add a third dimension.

A weighted distribution over the search space can significantly impact downstream
performance, as we have mentioned numerous times throughout this dissertation. Many
systems include a model score with each output; this model score may then be used by
downstream stages as a weighted distribution over their search space. For example, in
parsing, many systems include the parser probability score as a feature in the next-stage
reranker, including the Collins [64] parser and the Charniak and Johnson [44] parsing
pipeline. This probability score is often reported to be a highly-informative feature [44, 68],
and thus is used frequently in pipeline systems. As an overall characteristic of the search
space, the distribution is often disregarded (beyond identifying the highest-scoring one-
best candidate) but can, as will be shown in this chapter, prove problematic.

In Section 8.2 we will discuss a number of different ways to characterize a probability
distribution, including how peaked it is, and how closely it approximates a normal dis-
tribution. In characterizing a weight distribution we might also ask how many peaks the

distribution has, the shape of the distribution (as determined by its mean and standard

!The weights assigned to constraints in a space are not necessarily probabilities; we refer to them as such
for convenience sake, and to avoid confusion with the learned weights of features in a model. Section 8.2.1
will discuss methods for transforming any weight distribution into a probability distribution.
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deviation), and whether or not the distribution is symmetrical. In Section 8.3 we discuss
two functions for comparing two probability distributions, and find that the relative com-
parison of two distributions can be more informative than characterizing each distribution
separately. Finally, in Section 8.4 we examine the ways in which probability distributions
are utilized in pipeline systems, and experiment to determine how downstream pipeline
performance is affected by a weighted distribution over the input constrained space. Re-
sults show that the peakedness of the probability distribution accounts for some of the
puzzling results from earlier in the dissertation; furthermore, the effects of a peaked dis-

tribution can be mitigated using a simple empirical optimization technique.

8.1 Alternate Distributions

Throughout this chapter we will be using the Pairwise-F similarity metric and the Pairwise-
D distance metric introduced in Chapter 7 (p. 154) to re-score and re-order lists of parse
candidates. We will compare the characteristics of the distributions defined by these
scoring metrics to the characteristics of the probability distribution output by the Charniak
and Johnson [44] parser.

Our motivation for using these metrics in comparison to the parser probability score
is twofold. First, the relative ranking of candidates within the list as defined by the
parser-probability distribution may not be an accurate reflection of the relative similarities
between the ranked candidates. Recall that the parsing model is optimized to find the
maximum likelihood candidate; similarly the reranking model optimizes with respect to
the conditional likelihood of the data. There is no reward (or penalty) for determining
an accurate ranking of the full list of candidates. Thus by using characteristics of the list
itself, of the similarities and distances between candidates in the list, we may be able to
create a weighted distribution that more accurately reflects the qualities of the underlying
space.

Second, it may be that the parser probability scores are not the most reliable metric
derivable from the baseline system in terms of assessing the quality of a candidate. Thus

we will examine using the Pairwise-F and Pairwise-D scores as weight-distribution features
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that go beyond the parser probability score to capture information about similarity, rank,

or centrality of the particular candidate within the set output by the baseline parser.

8.2 Peakedness Metrics

One way in which we may characterize a probability distribution is according to how peaked
or flat it is. The flattest distribution is, of course, one which places equal probability on
each possible solution or constraint in the space. On the other extreme, a very peaked
distribution would be one that places most of the probability mass on a single constraint in
the set, or a single solution in the space. Either extreme might be detrimental to pipeline
performance: if the probability distribution is very peaked, then downstream stages may
be essentially restricted to only those constraints near the distribution peak; on the other
hand, if the distribution is nearly uniform, then its utility as a feature is degraded since
it provide less discriminative information about the constraints for downstream stages.

Previous work in parsing [152] has assumed that a more peaked distribution indicates
greater confidence from the upstream stage, but this “confidence” may not be well-founded.
In fact, Gabbard et al. [91] claimed that the work done by Blaheta [25] on joint modeling
context-free parsing and function tagging was unsuccessful due to the peakedness of the
parser’s probability distribution. Unfortunately most references to peaked distributions
in the NLP literature do not provide quantitative measurements of the distributions’
peakedness, relying instead on ad-hoc measurements of how much of the probability mass
is placed on the top-ranked output candidate.

In this section we will first discuss this ad-hoc method for estimating distribution
peakedness, then describe a method to more formally measure peakedness. For each of
the distribution characterizations performed in this section, we calculate the characteristic
on the distribution over each n-best list produced for WSJ section 24, then average the

values across the entire set, for each of our seven reported conditions.
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8.2.1 Normalization

One common estimation of distribution peakedness is to calculate how much of the nor-
malized distribution is placed on the top-ranked candidate in the set. Normalizing the
distribution consists of constraining the sum of all the probabilities in the distribution
to be 1. For the parser-probability distribution, output as negative log probabilities, we
divide the exponent of each output score by the sum of the exponents of the scores in the
n-best list. For the pairwise scores, which range from [0..1], we divide each score by the
sum of scores in the n-best list. Note that with the Pairwise-F score, parses with values
closer to 1 are ranked higher because they are considered to be more similar to the rest of
the list. On the other hand, the Pairwise-D score ranks candidates with values nearer to
0 higher because they are considered to be closer to the rest of the list; thus we use 1-D
in the calculations below.

Table 8.1 presents the average normalized probability of the top-ranked candidates for
each of our conditions under investigation, where the candidates are ranked according to
parser-probability, Pairwise-F, or Pairwise-D scores. We can see from the table that, as
expected, the parser probability score does place a large portion of the distribution on
the top-ranked candidate. Of particular note is the Self-trained condition, with nearly
10% more of the normalized distribution on the top-ranked candidate than any of the
other conditions; a similar result was reported by McClosky et al. [153]. The pairwise
distributions place much less of the normalized probability on the top-ranked candidate
as compared to the parser-probability distribution. In a closer examination of the pairwise
scores, we saw a high frequency of two-, three-, and even four-way ties for the top rank.

While this estimate certainly provides some interesting information, we do not feel that
it is a rigorous enough metric. For example, while we now know that 79% of the parser
probability mass is placed on the top candidate in the 50-best space, we do not have any
information about how the probability has been spread across the remainder of the space.
If the second-best candidate were receiving 20% of the probability mass, that would be
a very different distribution than if the second-best candidate received an equal portion

of the probability mass as the remainder of the candidates. The next section presents a
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Condition Parser-Score | Pairwise-F | Pairwise-D
50-best 0.79 0.15 0.16
100-best 0.80 0.11 0.11
Self-trained 0.90 0.15 0.16
CSLUt-constrained 0.82 0.15 0.16
Reranker-constrained 0.83 0.15 0.16
50-best U CSLUt 0.80 0.13 0.13
50-best U Reranker 0.80 0.13 0.13

Table 8.1: Average normalized probability of the top-ranked candidate of various probability
distributions.

peakedness metric which better captures this overall characterization of the distribution.

8.2.2 Kurtosis

Ezcess kurtosis, a metric drawn from probability theory and statistics, is defined as a
measure of the peakedness of a distribution. Formally, kurtosis is a normalized form
of the fourth central moment of a distribution, or the fourth moment around the mean

divided by the square of the variance of the probability distribution:
k=——-3 (8.1)

where p is the mean of the distribution and o is the standard deviation. Excess kurtosis
has a lower limit of -2; there is no upper limit on excess kurtosis and it may be infinite.
A normal distribution has an excess kurtosis of 0; a uniform distribution has an excess
kurtosis of -1.2. A high-kurtosis distribution has a higher, sharper peak than a normal

distribution, while a low-kurtosis distribution has a lower, more rounded peak. A normal

Flatykurtic =) kesaokurtic (0 Leptokurtic (+)
1 1 1
0.5 1 0.5 1 0.5
-5 0 3 -5 0 3 -5 0 3

Figure 8.1: A visual representation of the three different types of kurtosis; the platykurtic distri-
bution has a kurtosis of -1.5, the mesokurtic distribution has a kurtosis near 0, and the leptokurtic
distribution has a kurtosis of 4.3.
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Condition Parser-Score | Pairwise-F | Pairwise-D
50-best 24.4 1.99 1.41
100-best 52.5 2.18 1.46
Self-trained 33.3 1.48 0.96
CSLUt-constrained 25.5 1.80 1.32
Reranker-constrained 26.3 1.86 1.40
50-best U CSLUt 37.6 1.98 1.33
50-best U Reranker 36.6 1.94 1.30

Table 8.2: Averaged kurtosis of various probability distributions.

distribution is called mesokurtic, a highly-peaked distribution is called leptokurtic, and a
flat-topped distribution is called platykurtic. Figure 8.1 provides a visual representation
of these three types of distributions.

Kurtosis can also be thought of as a measure of how outlier-prone a distribution is.
A distribution that is more outlier-prone will have excess kurtosis greater than zero; a
distribution that is less outlier-prone will have excess kurtosis less than zero.

In Table 8.2 we calculated the excess kurtosis? of the seven different parse-output
conditions that we have been investigating, with the parser-probability distribution and
the Pairwise-F and Pairwise-D distributions. One result of some interest is the kurtosis
of the pairwise distributions under the Self-trained condition, which are lower (closer
to normal) than any of the other values of kurtosis in the table. Overall, we can see
from the table that the parser-probability distribution is very leptokurtic, i.e., extremely
peaked. The pairwise distributions approach the kurtosis of a normal distribution. These
conclusions confirm that the patterns we saw in Table 8.1 are consistent over the entire

distribution.

8.3 Comparing Weight-Distributions

In the previous section we measured one characteristic of a distribution: its peakedness.

There may be other characteristics of interest, but rather than compare distributions by

ZCalculated using the kurtosis function of MATLAB.® Since MATLAB does not subtract 3 as in
Equation 8.1, we subtracted it from the result returned by the kurtosis calculation.
Shttp://www.mathworks.com/products/matlab/
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one or two or three different characteristics, in this section we present two methods for

directly comparing one distribution to another.

8.3.1 Kolmogorov-Smirnov Test

As a part of our kurtosis calculations we determined that the parser-probability distri-
butions were quite a bit more peaked than the normal distribution. In this section we
will directly compare each distribution to the normal distribution. We expect that the
distributions will not, in fact, be close to normal, but since the normal distribution is
one of the simplest and most convenient to use, researchers are tempted to assume that a
dataset is distributed normally, without rigorously justifying such an assumption. A nor-
mality test would provide that rigorous justification. Normality tests assess the likelihood
that the given data set {z1,...,x,} comes from a normal distribution. Typically the null
hypothesis Hj is that the observations are distributed normally with unspecified mean u

and variance o2

, versus the alternative H, that the distribution is arbitrary.

One such normality test is the Kolmogorov-Smirnov (K-S) test, which may be used to
determine whether two underlying one-dimensional probability distributions differ. The
K-S test quantifies a distance between the empirical distribution function of the sample
and the cumulative distribution function of the reference distribution. Here, our parser-
probability and pairwise distributions will serve as the empirical distributions, which we
will test against the normal distribution N(0,1). The null distribution of this statis-
tic is calculated under the null hypothesis that the sample is drawn from the reference

distribution.

Formally, the Kolmogorov-Smirnov statistic is:
Dy, ny = sup |F1p(x) — Fy ()], (8.2)
€T

where sup S is the least upper bound of set S, and Fi, is the empirical distribution
functions of the empirical sample and Fy,, is the normal distribution function. The null
hypothesis is rejected at level « if:

n n

mDn7n/ > Ka. (83)
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We ran the K-S test? over each of our seven test conditions, comparing each of the
parser-probability and pairwise distributions to the normal distribution. All of the sen-
tences in WSJ section 24 under the 50-best, 100-best, Self-training, 50-best U CSLUt-
constrained, and 50-best U Reranker-constrained conditions differed significantly from the
normal distribution. Interestingly, a few of the n-best lists produced under the constrained
conditions (CSLUt-constrained and Reranker-constrained) matched the normal distribu-
tion: 22% of the parse lists under the pairwise distributions, and 37% of lists produced

under the CSLUt-constrained condition and 67% of the Reranker-constrained lists.

8.3.2 Kullback-Leibler Divergence

In this section we explore the use of the Kullback-Leibler divergence statistic to compare
two distributions. In probability theory, an f-divergence is a function D¢ (P||Q) to measure
the difference between two probability distributions P and ). The divergence is intuitively
an average, weighted by the function f, of the odds ratio given by P and ). Thus for
probability distributions P and @ of a discrete random variable, the Kullback-Leibler (KL)
divergence of () from P is defined to be:

P(i)

Qi)

Dk (P||Q) = Z P(i)log (8.4)

One might be tempted to call the KL-divergence a distance metric for probability
distributions, but this would not be entirely correct because the Kullback-Leibler diver-
gence is neither symmetric—Dkp, (P||Q) # Dxr(Q||P)—mnor does it satisfy the triangle
inequality. Still, the KL-divergence is a metric that will allow us to compare two probabil-
ity distributions. Other measures of probability distance are the histogram intersection,
Chi-square statistic, and the two-sample Kolmogorov-Smirnov test.®> We cannot use the
Chi-square statistic to compare our distributions because this statistic assumes normal
distributions, which as we showed previously, is nearly never true for the distributions we

are interested in examining.

4Using the kstest function of MATLAB.
5We used the one-sample Kolmogorov-Smirnov test in the previous section to compare our empirical
distributions to a reference distribution.
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Condition DKL(PHF) DKL(PHD) DKL(F”D) DKL(F”P) DKL(DHP)
50-best 1.8591 2.1902 0.0408 2.8024 3.2415
100-best 2.4055 2.7539 0.0370 3.7211 4.1899
Self-Trained 2.8363 3.2172 0.0443 7.3208 8.1471
CSLUt-constrained 2.0647 2.3879 0.0419 3.8610 4.3885
Reranker-constrained 2.1519 2.4805 0.0414 4.0839 4.6281
50-best U CSLUt 2.2226 2.5724 0.0380 4.1015 4.7943
50-best U Reranker 2.1739 2.5367 0.0414 3.6364 4.2691

Table 8.3: Kullback-Leibler divergence of different weighted distributions for datasets produced
under various conditions.

In Bayesian statistics the KL-divergence can be used as a measure of the information
gain in moving from a prior distribution to a posterior distribution [177, 178]. Thus the
KL-divergence is sometimes also called the information gain about X achieved if P can
be used instead of (). The KL-divergence may also be called the relative entropy for using
() instead of P.

In Table 8.3 we calculated the KL-divergence between each of our three distributions:
parser-probability (P), Pairwise-F similarity (F), and Pairwise-D distance (D). In the
middle column we see a confirmation of what we have empirically noted all along: the
Pairwise-F and Pairwise-D distributions are nearly the same. In comparing the first
two columns of results to the last two, we can see that the Pairwise-F and Pairwise-D
distributions provide a greater information gain over the parser-probability distribution
than the reverse cases. Of particular interest are the results in the last two columns
under the Self-trained condition, noticeably higher than any of the other KL-divergence
values. These results tell us that the Pairwise-F and Pairwise-D distributions provide the
greatest information gain over the parser-probability distribution under the Self-training
condition, which leads us to speculate that perhaps the parser-probability produced by

the Self-trained model is, indeed, problematic.

8.3.3 Measuring Weighted Distributions in Different Pipeline Classes

If none of the downstream stages utilize the weight distribution as a feature, then it may
seem that characterizing the distribution is a pointless exercise. However, the ability

to characterize a distribution as a whole can also provide some information about the
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model itself, which is why distribution features are so useful in learning to search. In our
work [162] (outside the scope of this dissertation), we built a mimic pipeline to estimate
model-scores of an upstream rule-based stage which did not produce model weights [161].
Analyzing the weight-distribution output from such a mimic system might provide an

interesting analysis of the underlying, mimicked model.

8.4 Learning with Weighted Constraints

Reranking is one of several commonly-used strategies in pipeline systems which makes
use of the probability distribution output by an upstream stage as a feature to improve
the reranker’s search. Reranking with probability distribution features has proven to
be a successful strategy for many NLP tasks such as parsing [64, 44], speech recognition
[84, 97, 67, 183], and machine translation [199, 166]. However, the success of the reranking
strategy is not guaranteed. In Chapter 5 (p. 129) we discussed two separate research efforts
in syntactic parsing where promising results did not achieve typical improvements when
a reranking model was trained to be applied to the new baseline systems’ output. The
pipeline techniques of “self-training” [152] and “pipeline iteration” [110] both resulted in
a similar lack of expected improvements with reranking.

We hypothesize that the underperformance of these two systems can be partially at-
tributed to the use of the baseline system’s output probability distribution as a feature in
the reranker. Most reranking systems benefit from including the score from the baseline
system within the reranking model. In fact, the difference in reranking performance with
and without the parser baseline score as a feature was explicitly demonstrated in [44]:
with the baseline score feature, reranking improved the parser F-score (on WSJ section
24) from 88.9 to 90.2, whereas without the score feature the reranker provided a smaller
F-score improvement, to 89.5. We confirm these results in Section 8.4.1. The results
from [44] established what has become a standard practice of reranking: to utilize the
probability distribution from upstream stages as a feature in the model.

However, there are a number of reasons why using an upstream model’s probability

distribution directly as a feature in the current model may not be the best practice. First,
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since the probability score is often fairly accurate in indicating high-quality solutions, it
tends to provide a particularly reliable feature. Training with such a strong feature can
result in weight under-training for the other features in the set [35, 203]. One method
for dealing with this is to remove the baseline-score feature from the reranking model
during training, then empirically optimizing a mixing weight for combining the baseline
score with the reranker score; our results from implementing such a method are shown in
Section 8.4.2. Second, in order to improve upon the baseline output, a reranking model
must select something other than the upstream model’s best candidate solution at least
once; otherwise the one-best output of the reranker would be unchanged from the baseline.
Thus, even though the upstream probability distribution provides a fairly reliable estimate
of high-quality candidate solutions, the reranking model must “down-weight” the feature
in order to move away from the upstream model’s top-ranked solution. Other methods for
representing the score, such as quantization, might be better suited for learning to weight
such a score feature, which we will explore in Section 8.4.3.

The results presented in the next several sections will demonstrate that the underper-
formance reported by McClosky et al. [152] and Hollingshead and Roark [110] can be at
least partially attributed to the method for representing and optimizing on a probability
distribution feature. The techniques presented below make better use of the probability
distribution, and thus move closer to the expected levels of reranking performance.

Empirical trials were conducted by training Charniak and Johnson [44] reranker models
on the n-best lists produced under each of our investigated conditions. Crossfold validation
(20-fold with 2,000 sentences per fold) was used to train the reranking models. In all cases,
WSJ section 00 was used as heldout data and section 24 as the development set. Unless
stated otherwise, all reported results will be the F-score of WSJ section 24. Evaluation
was performed using evalb under standard parameterizations. All statistical significance

tests were conducted using the stratified shuffling test [215].

8.4.1 Unweighted Constraints

In this section we will test the oft-cited theory that a feature based on the weight-

distribution output by an upstream stage is a highly informative feature [44, 68]. To
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Parser | Reranker | Unweighted
Condition Best Best RR Best
50-best 88.9 90.2 89.5
100-best 88.8 90.1 89.5
Self-trained 90.2 90.9 89.7
CSLUt-constrained 88.4 89.5 88.8
Reranker-constrained 89.6 90.5 90.0
50-best U CSLUt 89.4 90.3 89.6
50-best U Reranker 89.2 90.6 89.6

Table 8.4: Comparison of rerankers trained under the de-facto standard of training with the
parser-probability distribution features (Reranker-best) and without (Unweighted RR-best).

perform this test, we simply remove the distribution feature from the reranker’s feature
set, to see how well the model can perform without such an informative feature. We call
these reranking models “unweighted” models. Table 8.4 shows unequivocally that reranker
performance decreases when this feature is removed. In fact, under the Self-trained condi-
tion the unweighted reranking model was unable to achieve even the parser-best accuracy.
However, under the 50-best condition the unweighted reranker achieves nearly half the

gain that was achieved by the standard reranker model over the parser-best output.

8.4.2 Empirical Optimization

In this section we experiment with two different methods for optimizing a probability
distribution as a feature in a reranking model. The default method, and one that is
taken by Charniak and Johnson [44], is to essentially learn a scaling factor, where a single
weight is learned for all values of the feature. As an alternative method, we propose and
evaluate an empirical optimization approach. In an empirical optimization approach, the
score from the upstream model’s probability distribution is not included as a feature in
the reranking model during training; we train an “unweighted” reranking model as in the
previous section. This reranking model is then combined with the probability distribution
score, scaled by weights empirically optimized on held aside data. These experiments
closely parallel the weighted sequence-intersection experiments in Chapter 5 (p. 128).
This approach has multiple possible benefits. First, removing the probability distribu-

tion feature from reranker training may improve performance due to weight under-training
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Parser | Scaling Empirical “Mis-trained”

Condition Best Factor | Optimization Reranker
50-best 88.9 90.2 90.2 -
100-best 88.8 90.1 90.4 90.2
Self-Trained 90.2 90.9 91.0 91.1
CSLUt-constrained 88.4 89.5 89.5 89.3
Reranker-constrained 89.6 90.5 90.6 90.5
50-best U CSLUt 89.4 90.3 90.7 90.6
50-best U Reranker 89.2 90.6 90.6 90.5

Table 8.5: F-scores on WSJ section 24 of reranker-best parses where the weight for the baseline-
score feature was either learned using the de-facto standard method (Scaling Factor) or empirically
optimized on held aside data (Empirical Optimization).

when the distribution feature is left in the model. Second, any improvements could be
due to optimizing the mixing with respect to parse accuracy achieved, rather than with
respect to conditional likelihood, as the reranking training does.

Table 8.5 presents the results of empirically optimizing baseline-score feature weights
in a learned reranking model. The Baseline column shows the F-score accuracy of the
baseline-best parse candidate, and the Scaling Factor column shows the F-score accuracy
of the reranker-best parse candidate using the de-facto standard method of learning a
feature weight for the baseline score within the reranking model. The bolded entries in the
table indicate the conditions in which empirically optimizing the weight for the distribution
feature resulted in an improved reranker-best output. Note in particular the 50-best U
CSLUt condition, which under Empirical Optimization improves 0.4 percentage points
above the standard scaling method (a statistically significant improvement at p<0.05), as
well as improving over the “mis-trained” reranker model (introduced in Chapter 5, p. 129,
and reproduced in the final column of this table). There is no change in the F-score for
the 50-best output, though at least the empirical optimization does not harm accuracy of
the learned reranking model. The F-score on the Self-training output improves slightly
from 90.9 for the default method to 91.0 under empirical optimization. These results
demonstrate that although a probability distribution can act as a beneficial feature, it can
also overwhelm the evidence provided by other features, and thus including a distribution

feature in training can prove detrimental to performance.
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Pairwise F-score || Pairwise D-score

Scaling | Emp Scaling Emp
Condition Factor | Optim | Factor | Optim
50-best 90.1 90.2 90.5 90.2
Self-trained 90.5 91.0 90.9 90.9
50-best U CSLUt 90.1 90.7 90.4 90.8

Table 8.6: F-scores on WSJ section 24 of reranker-best parses where the distribution-features
were either the parser baseline score, the candidate’s pairwise F-score, or the candidates pairwise
D-score. The feature weight for these distribution-features was either learned using the default
method (Scaling Factor), or empirically optimized on heldout data (Emp Optim).

Application to Alternate Distributions

The Pairwise-F and Pairwise-D scores may exhibit similar behavior to a parser probability
score in terms of down-weighting and under-training other features in the model, so we
will also compare the efficacy of our two methods for learning with distribution features
using these two metrics to define the distribution feature.

Table 8.6 shows the results of using Pairwise-F and Pairwise-D metrics as features in
a reranking model, and compares these results to the effects of empirically weighting the
distribution features. In examining these results, we focus on the differences between the
results using the scaling factor method and using the empirical optimization method. As
with the previous set of results, note in particular the performance of the 50-best U CSLUt-
constrained condition. With the Pairwise-D score, the empirical optimization method once
again provides a significant improvement of 0.4 F-score over learning a linearly-scaled
weight; similarly with the Pairwise-F score, we see an improvement of 0.6 F-score using
empirical optimization instead of the traditional scaling factor method. Compare, also,
the results for this condition to the same in Table 8.5, and note that the empirically-
optimized Pairwise-D distribution provides the highest observed reranker-best F-score for
the 50-best U CSLUt condition at 90.8.

Clearly, we have seen that empirically optimizing the weight for distribution features
can result in significant performance improvements. However, we should also note that im-
proved performance is not guaranteed: under the 50-best condition and using the Pairwise-

D score as the distribution feature, the scaling factor method outperforms the empirical
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optimization by 0.4 points.

8.4.3 Quantization

Probability distribution features are typically real-valued numbers, rather than integer-
valued or indicator-valued numbers as is the case for most other features in a rerank-
ing model. In the previous section we discussed learning a scaling factor (either during
reranker training or by empirical optimization) for the feature. In this section we will
discuss another approach, from machine learning; optimizing continuous-valued features
by quantization, i.e., grouping the feature values into a pre-defined number of bins, then
treating each bin as an individual (indicator) feature, such as the approach by Bernal
et al. [19] to modeling exon length.

One possible problem with learning a single scaling factor for a continuous-valued
feature like our distribution features is that the scaling factor represents a linear weighting
function. This linear function, in conjunction with the requirement that the reranking
model down-weight the baseline score, can result in over-weighting candidates low in the
n-best list. In order to address the problem that a linear function may not be well-suited
for weighting a real-valued feature such as candidate scores, several options for quantizing
the score were considered. Quantization consists of grouping the possible values of a
variable from a continuous set (such as real numbers) to a discrete set (such as integers).
With a discrete set of values and by learning a separate weight for each possible values, in
essence one can learn a non-linear function for the baseline system—score feature. Note that
distributing the baseline score into bins is not a novel concept, and was in fact explored as
an option in the original experimental setup by Charniak and Johnson [44], who found it
to make little difference. These findings were replicated here, but as will be demonstrated,
under different conditions it does prove beneficial to bin the baseline-score feature.

The first method explored here for quantizing the baseline-score is to simply define
a set of bins and assign each candidate to a bin according to the distribution-score for
that candidate. Here, this straightforward quantization is complicated by the fact that
the log probability scores output by the Charniak baseline parser are not normalized,

and thus are not comparable across different sentences. The probability scores are also
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Scaling | Binned | Binned
Condition Baseline || Factor CLP Rank
50-best 88.9 90.2 90.4 90.2
Self-Trained 90.2 90.9 91.1 90.8
50-best U CSLUt 89.4 90.3 90.6 90.5

Table 8.7: F-scores on WSJ section 24 of reranker-best parses where the weight for the baseline-
score feature was quantized into bins by Conditional Log-Probability (CLP), or Rank.

affected by sentence length, such that the one-best candidates for short sentences have
greater probability according to the parsing model than the one-best candidates for long
sentences. Thus, the log probabilities output by the parser were conditionally normalized
before quantizing into bins.

Another method for quantizing the baseline-score is to use the rank of a candidate as
its score. The benefit of using the rank as a feature is that rank is comparable across
sentences, thus there is no need for normalization. In this section the rank of a candidate
is treated as a binned feature, i.e., with a separate feature defined for each bin. There
are several options for defining the boundaries of the bins for such a feature, including
linearly dividing the ranks into equally-sized bins, and exponentially dividing the ranks
such that the lower ranks are placed into larger bins and higher ranks are spread more
sparsely across the bins. Herein we investigate the straightforward method of defining a
separate bin for each rank value.

One could also create a scalar feature to represent the rank values, i.e., by defining a
single feature for the rank score, and multiplying the learned weight of the feature by the
rank value of the candidate. Although this option was explored briefly, there were similar
problems to using a distribution score as a scalar feature, namely that a linear function is
inadequate for weighting such a feature.

Table 8.7 presents the results of these two methods of quantizing the parser probabil-
ity score to train a reranking model. Again, the Parser-Best column shows the F-score
accuracy of the baseline-best parse candidate, and the Scaling Factor column shows the
F-score accuracy of the reranker-best parse candidate using the de-facto standard method
of learning a feature weight for the baseline score within the reranking model.

The two methods for quantizing the parser-probability distribution feature improve
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Pairwise-F Pairwise-D
Scaling | Binned | Binned || Scaling | Binned | Binned
Condition Factor CLP Rank Factor CLP Rank
50-best 90.1 89.6 90.6 90.5 89.9 90.6
Self-trained 90.5 90.1 90.8 90.9 90.6 90.9
50-best U CSLUt 90.1 89.8 90.3 90.4 89.9 90.4

Table 8.8: F-scores on WSJ section 24 of reranker-best parses where the distribution features
were either the parser baseline score, the candidate’s pairwise F-score, or the candidates pairwise
D-score. The feature weight for these distribution features was either learned using the default
method (Scaling Factor), or using one of two methods to quantize the distribution feature: Binned
Conditional Log-Probability (CLP), or Binned Rank.

over the scaling factor method under some circumstances. By normalizing the log-probability
scores and binning, the F-score of the reranker output improves for three of our test con-
ditions: 50-best and Self-trained improve very slightly, with a 0.2 increase in F-score
above the default method; the 50-best U CSLUt-constrained results show a slightly larger
improvement with a 0.3 absolute increase in F-score. Using the rank of each candidate
as a binned feature is less effective, providing no increase in F-score under the 50-best
condition, a smaller improvement of 0.2 F-score for 50-best U CSLUt-constrained, and a

marginal decrease in F-score for Self-Trained, from 90.9 to 90.8.

Application to Alternate Distributions

Table 8.8 shows the results of using the Pairwise-F and Pairwise-D metrics as quantized
features in a reranking model. Surprisingly, our method of normalizing the score then
quantizing into bins (Binned CLP in the table) is actually detrimental when using either
of the pairwise metrics in comparison to using the parser probability score. We suspect
that the pairwise scores were not equally spread across the defined bins; candidates in an
n-best list tend to be highly similar as we showed in Chapter 7 and thus do not follow
a normal distribution, which was not taken into account when the bin boundaries were
defined.

The reranking models trained with the binned pairwise rank of the candidate as a
feature performed well, which is unsurprising given the improved rank-order accuracy of

the pairwise metrics (shown in Chapter 7, p. 157). Both the 50-best and Self-trained
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outputs showed an increase in reranker-best F-score when using either of the two pairwise
metrics to rank the candidates in comparison to using the candidate rank derived from
the parser probability score. The 50-best U CSLUt-constrained condition provides a small
exception, showing a slight decrease in F-score when using the pairwise metrics rather
than the parser probability score.

We also experimented with learning a reranking model with all three scoring metrics
(parser-probability, Pairwise-F, and Pairwise-D), using each of the different methods for
learning with distribution scores, but ultimately we did not see a noticeable difference
from using just one of the scores as a feature, perhaps indicating that the different scoring
metrics do not provide complementary information in a reranking model.

Interestingly, there was not a clear winner in terms of the “best” feature-weighting
method and metric. The 50-best condition performed best using the Binned Rank func-
tion on either the Pairwise-F score or the Pairwise-D score; 50-best U CSLUt performed
best with empirical optimization on the Pairwise-D score; and Self-Training performed
best using the Binned Conditional Log-Probability on the parser probability score. The
conclusion to be drawn from these results is that, since the effectiveness of using any
function to derive reranking features from any baseline score will vary across different
datasets, best-practices for reranking might do well to consider a range of functions and
scores rather than arbitrarily using the current de-facto standards.

In this section we have shown that different levels of reranker performance can be ob-
tained through different functions for defining, optimizing, and representing a probability
distribution as a feature in the reranking model. The methods presented for deriving dis-
tributions over the candidate and learning feature-weights for these distribution features

could be considered alongside other current-best practices for training reranking models.

8.5 Conclusion

In this chapter we provided several methods for characterizing the distribution over
weighted constraints. We introduced kurtosis as a formal calculation of a distribution’s

peakedness, and this formal metric confirmed the empirical estimation of peakedness that
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results from calculating the normalized score of the top-weighted constraints. By compar-
ing different distributions using the Kullback-Leibler divergence statistic, we were able to
determine when one distribution results in a large information gain over another, which
was particularly evident under the Self-training condition. We confirmed empirically that
removing the distribution feature from a downstream reranker is detrimental to perfor-
mance, though to somewhat varying degrees for each of our reported conditions. Therefore,
we hypothesized that including the distribution feature in training might result in weight
under-training for the other features, similar to the effects noted by Sutton et al. [203].
In the final sections we discussed a few different methods for optimizing a distribution
feature. The best performance gains were on the 50-best U CSLUt-constrained condition,
by empirically optimizing either the parser probability score or the Pairwise-D distance
metric (from Chapter 7). Other gains were also observed, though to a lesser degree, for
other conditions using these optimization methods.

In conclusion, the distribution over a constrained space can be characterized quantita-
tively. Features based on such a distribution clearly impact performance, and the method
used for optimizing these features also impacts performance. Future researchers would do

well to experiment with different distributions and optimization methods.



Chapter 9

Conclusion

The goal of this research was to enable the general comparison, analysis, and improvement
of pipeline systems based on the use and characteristics of constraints in the pipeline. To
achieve this goal, we defined a formal framework to generalize pipeline systems, and val-
idated that framework by creating a classification system for existing pipeline systems.
We also defined a set of metrics to quantitatively measure specific characteristics of a con-
strained space, including the diversity, regularity, density, and peakedness of the space.
Our long series of experiments, manipulating the use and characteristics of constraints in
two different parsing pipelines, provided empirical evidence of how constraint characteris-
tics affect pipeline performance. Several of our experiments showed that the unexpected
underperformance of some existing pipeline improvement techniques was due to disre-
garding the impact of constraint characteristics on pipeline performance. By defining and
utilizing new metrics to characterize the constraints used in a pipeline, this dissertation
has provided several methods to better understand how constraints affect pipeline perfor-
mance and how best to alter the stages of and constraints within a pipeline to improve

performance.

9.1 Chapter Summaries

In Chapter 2, we defined a formal framework of pipeline systems, with four main elements:
message passing, constraint representation, stage-internal attributes, and pipeline evalua-
tion. We discussed three methods of passing messages in a pipeline, namely feed-forward,

feedback, and iteration. We also discussed different sources of the messages, including
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single-source versus multi-source, sampling across a pipeline, and external manipulation
of the messages. This framework allowed us to address questions on the effects on pipeline
performance of different representations of constraints, different constraint sources, and
the method by which constraints are passed through the pipeline.

Chapter 3 used our pipeline framework to classify a large set of existing pipelines from
parsing to machine translation to automatic speech recognition to image recognition. The
systems were classified based on constraint representation, constraint-source types, and
overall structure of the pipeline. Such a large-scale classification was used to validate the
formal framework, demonstrating that it is sufficient to cover any existing pipeline system.
This large-scale classification may serve as a benchmark for future researchers to classify
their pipeline systems, as well as to assist in determining the best type of pipeline system
for different research problems.

Our novel technique of pipeline iteration was proposed and examined in detail in
Chapter 4, along with the effects of iteration on pipeline performance. In this chapter we
also discussed ways in which to identify the two different types of errors in pipeline systems
(search errors and model errors), what causes the errors, and a few ways to recover from
them. We empirically determined that iterated constraints typically performed better than
non-iterated constraints. Using a precision/recall tradeoff technique, we systematically
varied the restrictiveness of a constraint set, and showed that heavily-constrained spaces
outperformed the less-constrained spaces defined by using only high-confidence (high-
precision) constraints. We showed a 0.6% absolute F-score improvement over the hard
baseline defined by the Charniak and Johnson [44] pipeline, using the same pipeline.
In taking the union of n-best lists, we were able to analyze the search errors and model
errors occurring in the pipeline, and determine that improvements can be made to pipeline
accuracy using constraints to resolve model errors.

Chapter 5 examined interactions between models in a pipeline system. We demon-
strated that strictly enforcing the ordering of model complexity in a pipeline can hurt
pipeline accuracy, and with our combined system produced new state-of-the-art results

for NP-Chunking and shallow parsing, higher than any previously reported result by 0.5%
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absolute F-score. We saw that allowing a mismatch between train- and test-time con-
ditions can result in the highest levels of performance; we also saw a few cases where a
“mis-trained” reranking model outperformed the trained model in certain cases.

In Chapter 6, we showed that the commonly-reported metrics of one-best and oracle-
best candidates are insufficient predictors of downstream pipeline performance.

Chapter 7 captured the spatial characteristics of a set of constraints by presenting
quantitative metrics based on graph-theory to measure the diversity, regularity, density,
and coverage of a constrained space. Diversity has been mentioned often in the pipeline
literature but never formally defined or measured, while the other characteristics have
been disregarded in the literature. A simple method for manipulating the diversity of a
constraint set quantifiably affected the density of the manipulated sets, indicating that the
density metric may also be used to formally measure diversity. We also examined a novel
method for generating n-best constraints. Using the Pairwise-D distance metric defined
in this chapter, we were able to improve the rank-accuracy of n-best parse lists output by
the Charniak/Johnson parser and reranker. By defining formal metrics to measure the
area and density of a space, this chapter has opened the door for quantifiable comparisons
across different data sets, and indeed, across different application areas.

In Chapter 8, we provided several methods for characterizing a distribution over
weighted constraints. We introduced kurtosis as a quantitative measurement of a dis-
tribution’s peakedness. We compared different distributions using the Kullback-Leibler
divergence statistic to determine when a particular distribution resulted in a large infor-
mation gain over another. We confirmed empirically that removing the probability-score
feature from a downstream reranker was detrimental to performance, and discussed a
few novel methods for optimizing a probability feature. Using empirical optimization to
train the parameter weight of probability distribution features, we achieved a significant
gain under some conditions, up to 0.6% absolute F-score. Results in this chapter clearly
demonstrated that distribution-based features—and the method used for optimizing these
features—impact pipeline performance.

In summary: having established the general nature of pipelines in NLP in Chap-

ter 1, in Chapter 2 we constructed a framework of pipeline systems, which was used in
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Chapter 3 to conduct a large-scale survey of existing pipeline systems and classify these
systems according to the pipeline framework. Chapters 4 and 5 established several general
techniques for pipeline improvement that achieved significant improvements over state-of-
the-art context-free parsing results, while Chapters 6-8 analyzed several characteristics
of constraints in pipelines, and demonstrated how altering those characteristics affected

pipeline performance.

9.2 Best Practices

As stated at the beginning of this thesis, one of its aims was to better understand, analyze,
and evaluate pipeline systems in order to discover a set of best practices for working with

pipelines. This section presents a summary of those best practices.

Design with the downstream stage in mind.

Be willing to tailor the output of each stage to optimize for downstream processes. Tradi-
tionally, each stage in a pipeline is designed independently of other stages in the pipeline,
in order to retain the modularity that is one of the benefits of working with a pipeline
system. This best practice may decrease the modularity of a pipeline stage, but this effect
will likely be offset by an improvement in pipeline performance.

In the majority of the experiments presented in the preceding chapters, the initial stage
was optimized for a one-best (maximum likelihood) objective, followed by a reranking
stage. Some of the experiments (Chapters 4, 6, 8) were designed to address (or work
around) this mismatch between a model optimized for a single-best solution output and
its downstream stage which by definition required multiple solutions as input. Clearly,
there is interaction between the stages in a pipeline, and designing for that interaction,
rather than ignoring it in favor of stage modularity, may prove beneficial for many pipeline
systems.

Another aspect of designing for the downstream stage can be seen in our work on
cell-closure pipelines [181, 182]. By taking into account the search algorithm to be used in

the downstream parser, we were able to specifically design constraints to effect efficiency
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improvements while also retaining accuracy. The more traditional route of generating
partial solutions (such as NP chunks or shallow chunks) to constrain a downstream parser
have not been as effective at improving pipeline performance.

This best practice does not mean that pipeline stages cannot or should not function
as independent systems, just that a pair of stages specifically designed to interact in a
pipeline may outperform two independently designed stages glued together to create a
pipeline.

Consider characteristics of the space.

When generating an n-best list (or lattice, or forest), consider characteristics other than
the accuracy of the top-ranked candidate. Chapters 7 and 8 were devoted to quantify-
ing various characteristics of a constrained space, and demonstrating the effects of those
characteristics on pipeline performance.

In Chapter 6, we demonstrated that mid-pipeline accuracy (one-best and oracle-best)
did not predict pipeline-final accuracy; in Chapter 7, we verified this fact, demonstrating
that we could achieve high-accuracy pipeline-final results even with low oracle-best rates.
That same set of experiments also demonstrated that the size of the space did not predict
performance. Coverage of the space was the best performance predictor, and generating a
fully-covered space using our simple tree-transformation algorithm was the most effective
at improving the performance of our pipeline-final reranker. Peakedness of the search
space was a poor predictor but greatly influenced feature-weight training in the reranker
model, frequently causing weight undertraining of other features in the model.

This best practice is related to designing with the downstream in mind. For example,
we showed in Chapter 7 that diversity in an n-best list does not work well for reranking,
even though Sagae and Lavie [189] clearly demonstrated that diversity is beneficial for
recombination stages downstream. Thus the downstream stage will affect which charac-

teristics of the space are relevant and helpful or harmful.

Utilize “free” information.

Learn to recognize, extract, and implement free information when it is available. Let us

define free information as that which is available with no additional man-hours devoted to
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creating a new resource (either data or models). In Chapter 4, we extracted information
from our pipeline-final output and used that information to constrain the pipeline in
a second pass. That information resulted in a slight improvement on a hard baseline,
but more importantly, we achieved that improvement without designing new features or
models. Thus the improvement was available “for free.”

This best practice is very similar to the self-training work by McClosky et al. [152, 153],
where they used existing models to parse new data (unannotated corpora), then re-trained
the parser model in a second pass. Here they used models trained on annotated corpora
to generate more data, which they treated as additional training data, and achieved an
improvement in their pipeline performance without requiring additional (expensive) an-

notated data.

Consider the different dimensions of a pipeline system.

Finally, recognize that there are several dimensions for experimentation when working with
pipeline systems: the design of the pipeline itself; the constraint-types passed downstream
from an upstream stage; and the model features, search algorithm, and optimization
objective at each stage in the pipeline. Experiment with each of these dimensions to find

the parameters that work best for your pipeline.

9.3 Future Work

There are many future directions for this research. While the empirical results presented
in this dissertation were focused on parsing, the techniques shown here are by no means
limited to parsing pipelines, and could easily be applied to pipeline systems in other fields.
One obvious future direction will be to apply the techniques of pipeline iteration, train/test
mismatching, and n-best constraint generation to other NLP pipelines, including machine
translation (MT), speech recognition, speech synthesis, and language analysis pipelines.
For example, pipeline iteration (Chapter 4) could be applied to MT by extracting
high-precision partial translations from the output of a first pass through the translation

decoder, then used to accurately reduce the search space of a second pass through the
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decoder. One could also extract high-agreement translation boundaries and similarly
constrain a second decoding pass; lexical re-ordering could be another such constraint on
the MT search space. There are numerous possible applications of our pipeline iteration
technique for MT systems.

Predicting parse-reranking underperformance and methods to mitigate such under-
performance effects has been a major focus of this dissertation. Reranking translation
candidates has received some attention Kumar et al. [136], Shen et al. [199], but results
have not been positive. It would be very interesting to explore whether similar methods as
those presented in this dissertation for improving parse-reranking would also be effective
for improving machine translation hypothesis reranking.

Our work on chart-cell constraints [181, 182] has inspired some efficiency improve-
ments in an MT system Xiong et al. [213]; it has also been discussed as a generic pruning
technique for efficiency improvements Hopkins and Langmead [111]. Clearly these tech-
niques are not limited to just parsing pipelines and indeed are not even limited to pipeline
systems.

This dissertation has shown that pipelines are typically implemented to address scala-
bility problems for particular applications, and as increased computational power becomes
available over the years, the pipeline architecture is no longer needed to address scalabil-
ity for those same applications. However, new applications will arise which are beyond
the scope of today’s computational power; it would be interesting to see how well the
framework and techniques presented in this dissertation retain their applicability as these
new applications appear. Future research addressing problems of scalability will be hugely
impacted by the advent of cloud computing, and exploring the similarities between the
pipeline architecture and the cloud architecture could result in some interesting directions

for future research.
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