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English is often found in units comprised of multiple sentences, but synthesizing information
across sentence boundaries, whether for understanding or generation, is a difficult challenge for
natural language processing algorithms. Techniques for such synthesis, however, are necessary for
improved language understanding and have the potential to transform downstream applications
including dialog systems, question answering, and educational technologies. In this thesis, I

investigate techniques for understanding and generating multi-sentence natural language texts.

As a first step toward general cross-sentence reasoning, I will describe a model for solving
open-world math word problems. The model treats word problem texts as semantically-enhanced
equation trees using a recursive semantic structure of quantities and generates possible solutions with
an integer linear programming approach. Local and global information from the text is combined,

and the model learns from data how to select the maximum scoring tree to answer each problem.

Continuing in the math word problem domain, I present an editing method for automatically
customizing math word problems to meet thematic constraints. This technique preserves the
complex document structure of human authored text, editing in a globally coherent and syntactically
informed way. Additionally, this model improves on previous thematic generation approaches by
automatically building an understanding of theme from an arbitrary text. Reusing the existing
syntactic and semantic relationships of the human authored text to preserve its mathematical

meaning, my method can produce novel and coherent thematic word problems in English.



Finally, I outline a model for generating multi-sentence texts from knowledge graphs using
an innovative neural encoding, and provide evidence that knowledge graphs can help structure
the generation of longer English texts. My novel graph transforming encoder extends the recent
transformer model for text encoding to graph-structured inputs. The overall model learns to encode
the input graph and output text in an end to end fashion. Human and automatic evaluation show that

relational knowledge improves generated text.
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Chapter 1

Introduction

‘Understanding’ is a difficult term to define. What does it mean to understand something? Rather,
what is true of the person who understands? Perhaps it is better to ask, “How does one demonstrate
their understanding?” Understanding can be demonstrated in myriad ways, but consider these three:
a person who understands a concept or situation can describe their understanding; they can answer
questions about the content of their understanding; and finally, once they have mastery of their

subject, a person can synthesize novel information from different sources of understanding.

Based on these assumptions about understanding, this thesis considers whether a computer can
understand multi-sentence texts. Specifically, I offer models for text understanding and generation
that answer questions about about a text, synthesize a novel text from diverse input sources, and

describe the information contained in a knowledge graph.

In recent years, advances in hardware and modeling power, coupled with the construction of
large datasets for common tasks, have resulted in significant improvements for natural language
understanding and generation. Tasks such as question answering [Rajpurkar et al.,|2016]] , image
captioning [Feng and Lapata, 2010], and dialog response generation [Li et al., 2015] are approaching
human levels of accuracy and fluency for English language inputs. These challenging tasks are

limited in their scope, however, as they primarily deal with sentences in isolation. In the case of
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image captioning and dialog response generation, the target response is a single sentence. In the
case of question answering, there are few datasets which require synthesizing information across

sentence boundaries, and thus models can succeed without such capacity.

Yet understanding and even generating multi-sentence texts is of great interest from both applied
and theoretical positions. Theoretically, multi-sentence texts force us to look beyond the formal
standing or semantic meaning of a sentence and to confront it’s contextualized speaker or pragmatic
meaning [[Quinel (1969; Gricel [1968]]. The variety of meaning-influencing contexts in which a
sentence can occur is quite large, and the goals or intended meaning of short texts vary. In this work,
I focus on 2 specific domains (math word problems and scientific abstracts) in an effort to gain
insights into general techniques for understanding or generating multi-sentence English language

texts.

From an applied standpoint, a better technique for processing multi-sentence texts could yield
significant improvements to current systems where cross-sentence contextualization is important,
such as machine translation and information extraction. Applications of multi-sentence text gen-
eration include educational technologies (e.g. customizing educational materials to the thematic
preferences of a student) and entertainment (for example, generating on-the-fly conversations in a
video game world based on the current game state). The methods provided in this thesis can assist

in these applications and more.

The goal of this work is to help develop techniques for understanding and generating multi-
sentence texts. Like much research on pragmatic understanding, I focus on constrained domains:
in this instance, math word problems and scientific texts. In Chapter [3] I describe a model for
automatically solving open-world math word problems using cross-sentence reasoning. This model
has immediate practical applications to automatic tutoring systems, while also providing insight
into general techniques for multi-sentence question answering. Building on this understanding, in
Chapter ] I describe a method for automatically customizing math word problems to meet thematic

constraints using editing techniques. Smart editing allows for leveraging the complex document
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structure of human authored text, improving the coherence of the system’s outputs. Finally, in
Chapter 5] I provide a method for generating multi-sentence English texts from knowledge graphs
using innovative neural encoding techniques. Knowledge graphs are ubiquitous in computing and I

show that they have the capacity to serve as document plans for longer texts.

Two primary research questions motivate this thesis. First, what kind of formal symbolic
or semi-formal structures can be used to partially express the pragmatic meaning of a text? In
Chapter 3] I outline semantically-enhanced equation trees, which leverage a recursive semantic
structure that allows for building equation trees from text. In Chapter | I propose that syntactic
and mathematical relationships in an existing text can serve as a pragmatic scaffolding, permitting
semantic edits without impacting pragmatic meaning. In Chapter[5] I show that existing knowledge
graphs can be used as document plans for generating short texts. These various structures are shown

to be helpful in the tasks where they are used.

The second focus of this work deals with mixing local and global information. Is it useful
when handling multi-sentence texts to combine local information, such as syntactic or adjacency
information, with global information, such as thematic similarity across several sentences or long-
distance relationships in a text? In Chapter 3] I combine local and global classifiers to rank trees,
and provide ablations which show the superiority of this mixing method compared to local or
global information alone. In Chapter 4] I show that maximizing the likelihood of local syntactic
relationships and global semantic relationships improves text editing outcomes. In Chapter [5] a
global graph encoding is combined with a local language model via an attention mechanism to
determine the best generated text sequence. The experiments outlined in this thesis provide evidence

that we should incorporate both local and global information in our modeling going forward.
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1.1 Overview of Previous work

Previous work on multi-sentence text understanding has focused on the task of word problem
solving due to its simplicity and the easily verifiable nature of a model’s solution. However, many
previous works focus on number word problems, geometry problems, or other closed-world domains
where a limited and math-specific set of nouns and verbs express mathematical relations [Shi et al.,
2015; Mitra and Baral, 2015 Roy and Roth, [2015; |Zhou et al., 2015} Seo et al., [2015]]. This
thesis addresses open-domain word problems with arbitrary subjects and events. A few previous
works address open-domain word problems. [Hosseini et al.|[2014]] provide a method for solving
addition or subtraction problems using a semantics of entities corresponding to individual units.
These entities can occupy different containers, corresponding to sets. They offer a technique of
verb-categorization to learn how the verbs in a word problem text change the number of entities
that belong to each container. The current work improves upon their model by using an enriched
semantic representation that includes quantifiers, adjectives, and adverbs when updating the state of
containers. Additionally, I am able to cover a larger set of mathematical operations by modeling

equations with semantically-enhanced equation trees.

Another high-impact previous work is that of Kushman et al.| [2014], who use template-induction
and alignment techniques to solve open-domain word problems. However, I show this method to be
brittle and unable to generalize to equations not seen during training. My method combines bottom
up and top down constraints to search a large space of possible solutions, including structures not

among the training instances.

Previous work in text editing has focused solely on the single-sentence task. Often such work
aims to meet constraints on simplicity or seeks to introduce paraphrases. To my knowledge, the
current work is the first to offer an editing technique for multi-sentence texts. Additionally, the
thematic constraints used here are parameterized by an arbitrary topic, and are thus more general

than previous constraints on sentence complexity. Because the proposed editing techniques are
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applied to generating thematic math word problems, I compare immediately to the work of [Polozov
et al.|[2015]], who develop 3 themes in which math word problems can automatically be written.
These authors note that the development of these themes took 1-2 months each. By contrast, my
model develops a notion of theme automatically from a text such as a movie script, allowing for
math problem generation in arbitrary themes with minimal specialist involvement.

The model I offer for generating multi-sentence texts from knowledge graphs is, to my knowl-
edge, the proposed is the first model of its kind. This work can be considered a special case of
concept-to-text generation, which has been well studied [Barzilay and Lapata, |2005; [Liang et al.,
2009; Kim and Mooney, 2010; Konstas and Lapatal 2013]. These earlier works often focused
on smaller record generation datasets, butMei et al.|[2016] showed these datasets to be easy for
modern neural models. More recently, Lebret et al. [2016] generate the first sentence of a Wikipedia
entry from the associated infobox, and [Wiseman et al.| [2017] study the difficulty of applying neural
models to a similar data-to-text task. The current work looks at the specific case of generating from
knowledge graphs. Knowledge graphs are a very general format which can be extracted cheaply
from a variety of texts, images, databases, or even manually constructed. In this work, scientific
knowledge is encoded with a novel Graph Transformer architecture and used to generate document
abstracts. I show that relational knowledge can indeed be leveraged for text generation, and that the

proposed encoder outperforms other recent architectures for knowledge encoding on this task.

1.2 Overview of solutions

The solutions I document in this thesis follow a similar thread for both text understanding and
generation. The overarching argument is as follows: to best model the pragmatic information
necessary for understanding and generating multi-sentence texts we must develop algorithms that
combine local information about each relationship of interest (whether intra- or inter-sentential) with

global structural information. Local information may refer to sentence- or phrase-level information,
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or it may refer to information unique to a particular node in the pragmatic structure (i.e. equation
tree or document plan). Global information is likewise defined as document-level information, or

discriminating characteristics of the complete pragmatic structure under consideration.

1.2.1 Understanding

For the task of solving multi-sentence open-domain algebra word problems, I offer the ALGES
model, which increases the scope of solvable problems compared to Hosseini et al.| [2014] and
drastically improves robustness compared to Kushman et al. [2014]. Each math word problem is
modeled as semantically-enhanced equation tree, where each node of the tree corresponds to a
recursive structure called a gset. Qsets record semantic information about the quantities involved in
a math word problem. They are derived from syntactic, coreference, and domain-specific textual
information. Importantly, the mathematical combination of two gsets yields another gset, so that the
model can treat atomic and composed quantities similarly. With this formalism, the model builds
a collection of possible semantically-enhanced equation trees from a parse of the word problem
text. The space of trees is defined using an integer linear programming approach. ALGES learns
to score local combinations of gsets, producing local scores. These are combined with a global
score for each equation tree which captures its likelihood based on learned features and violated
ILP constraints. The maximum scoring tree is evaluated to provide an answer for the problem. I
show that this method outperforms previous approaches, and that the simple biases introduced by

the model significantly improve generalization.

1.2.2 Generation

I explore two avenues for automatically generating multi-sentence texts. First, I provide a general
technique for editing human-authored texts directly so as to produce new texts with desirable

thematic properties. I demonstrate this technique by customizing math word problems to fit an
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arbitrary theme of student interest. Given an algebra word problem and an arbitrary thematic text
(such as a movie script), the proposed ThemeRewriter model identifies the most thematic words
and characters from this document. It then constructs a collection of candidate rewrites of the
word problem text by substituting thematic elements for those components of the original text
which do not affect the pragmatic (i.e. mathematical) meaning of the document. Informed by
my previous work in text understanding, I presume that syntactic and intra- and cross-sentential
semantic relationships are the strongest contributors to document coherence and the pragmatic
(in this case, mathematical) meaning of the text. Under this assumption, ThemeRewriter aims to
balance its thematic substitutions against the text’s existing syntactic and semantic relationships.
Because the space of possible rewrites is intractable, a beam-like search procedure is used to
effectively search the space. At each timestep, a single word is changed to the most thematic word
that fits in the syntactic and pragmatic structure of the existing text. By iterating this procedure,
ThemeRewriter produces the rewrite which is most aligned with the provided thematic text while

maintaining the mathematical intention of the original word problem.

As a second approach to multi-sentence generation, I propose a neural technique for generat-
ing multi-sentence texts from graphical knowledge representations, called GraphWriter. Graph-
structured knowledge is ubiquitous in computing. These inputs can be extracted and compiled from
a variety of text and non-text sources, making it an ideal medium for representing a document plan

or representation of the pragmatic meaning of a text.

At the core of GraphWriter is a graph transforming encoder which extends the recent transformer
model for text encoding to graph-structured inputs. The encoded graph representation acts as input
to an neural encoder-decoder style model for sequence generation. Using dataset of 40k knowledge
graphs extracted from scientific abstracts, GraphWriter learns to encode a provided knowledge
graph and decode the abstract text, copying text from input nodes as needed. Beam search allows
for approximate inference of the most probable output sequence. Detailed human evaluation shows

that GraphWriter is capable of using the relational knowledge of the input to improve generated text
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compared to models which cannot leverage this knowledge. I also show that the graph transforming

encoder outperforms other recent graph encoding techniques on this task.
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Chapter 2

Related Work

This chapter discusses relevant background and related work.

2.1 Natural Language Understanding

A great deal of work has been done in natural language understanding, but work that focuses on
reasoning across sentence boundaries is much more limited. Some important directions of this work
are coreference resolution (for an overview, see Lee et al.|[2017]) and multi-hop question answering

(for an overview, see [Welbl et al.| [2018]]).

The current work is related to (semantic) parsing, which aims to map natural language sentences
to formal meaning representations. One direction of this research involves the expert construction of
precision grammars for specific languages [Pollard and Sagl 1994 Flickinger, [2000, |201 1; Bender
et al., 2015]]. Another aims to learn to map text to logical forms from annotated data alone [Zelle
and Mooney, |1996; Zettlemoyer and Collins, 2005} (Ge and Mooney, [2006; Kwiatkowski et al.,

2010]. The current work combines elements of both of these lines of research.
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More closely related is work on language grounding, whose goal is the interpretation of a
sentence in the context of a world representation [Branavan et al., 2009; Liang et al., [ 2009; Chen
et al., [2010; Bordes et al., 2010; Hajishirzi et al., 2011; [Matuszek et al., 2012; |[Hajishirzi et al.,
2012; |Artz1 and Zettlemoyer, 2013; |Koncel-Kedziorski et al., 2014} Seo et al., 2014} Hixon et al.,
2015]]. Much work on language grounding considers the problem of generating natural language
descriptions of images [Farhadi et al., [2010; Kulkarni et al., 2011} |Yatskar et al., 2014} Feng
and Lapata, 2010]. A more related strain to the current work focuses on uncovering speaker-
rather than sentence- meaning [Bender et al., [2015]]. Efforts toward this goal include grounding
sports commentaries in event logs [Chen and Mooney, 2008; |(Chen et al., 2010; Bordes et al.,
2010; |Hajishirzi et al., 20115 |Liang et al., [2009; Koncel-Kedziorski et al., 2014], natural language
instructions in executable robot control commands [Branavan et al., 2009; Vogel and Jurafsky,
2010; Matuszek et al., |2012; |Artzi and Zettlemoyer, 2013|], and geometry word problems and

diagrams [Seo et al.,[2014].

However, while most previous work considered individual sentences in isolation, solving word
problems often requires reasoning across the multi-sentence discourse of the problem text. Recent
efforts in the math domain have studied number word problems [Shi et al., 2015], logic puzzle
problems [Mitra and Baral, 2015], arithmetic word problems [Hosseini et al., 2014; Roy and Roth|
20135]], algebra word problems [Kushman et al., [2014; Zhou et al., 2015], and geometry word
problems [Seo et al.,|2015]]. I discuss in more detail below two pioneering works closely related to

the current work.

Hosseini et al.|[2014]] solve elementary addition and subtraction problems by learning verb
categories. They ground the problem text to a semantics of entities, such as cats or coins, and
containers which hold entities, such as cars or coat pockets. Their method decides if quantities
are increasing or decreasing in a container based upon the learned verb categories. While relying
only on verb categories works well for + and —, modeling * or / requires going beyond verbs. For

instance, “Tina has 2 cats. John has 3 more cats than Tina. How many cats do they have together?”
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and “Tina has 2 cats. John has 3 times as many cats as Tina. How many cats do they have together?”
have identical verbs, but the indicated operation (+ and * resp.) is different. ALGES makes use of a
richer semantic representation which facilitates deeper learning and a wider scope of application,

solving problems involving the +, —, /, and * operators (see Table 6).

Kushman et al.| [2014]] introduce a general method for solving algebra problems. This method
can align a word problem to a system of equations with one or two unknowns. They learn a mapping
from word problems to equation templates using global and local features from the problem text.
However, the large space of equation templates makes it challenging for this model to learn to find
the best equation directly, as a sufficiently similar template may not have been observed during
training. Instead, my method maps word problems to equation trees, taking advantage of a richer
representation of quantified nouns and their properties, as well as the recursive nature of equation
trees. These allow ALGES to use a bottom-up approach to learn the correspondence between spans
of texts and arithmetic operators (corresponding to intermediate nodes in the tree). ALGES then

scores equations using global structure of the problem to produce the final result.

The current work is also related to research in using ILP to enforce global constraints in NLP
applications [Roth and Yih, 2004]. Most previous work [Srikumar and Roth, [201 1} |Goldwasser and
Roth, 2011} |Berant et al., [2014; Liu et al., 2015] utilizes ILP as an inference procedure to find the
best global prediction over initially trained local classifiers. Similarly, ALGES uses ILP to enforce
global and domain specific constraints. However, ALGES uses ILP to form candidate equations
which are then used to generate training data for classifiers. The current work is also related to parser
re-ranking [Collins, [2005; |Ge and Mooney, 2005], where a re-ranker model attempts to improve the
output of an existing probabilistic parser. Similarly, the global equation model designed in ALGES
attempts to re-rank equations based on global problem structure. The base parser produces a set of
candidate parses for each input sentence, with associated probabilities that define an initial ranking
of these parses. A second model then attempts to improve upon this initial ranking, using additional

features of the tree as evidence.
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2.2 Natural Language Generation

The current work explores two tactics for generating longer natural language texts. On the one
hand, I develop a method for thematic rewriting of existing texts subject to constraints. This follows
a broader trend of editing in natural language generation that I discuss in Section On the
other, I explore the potential for using graphical knowledge representations in long text generation.

I discuss the relationship of the current work to related trends in Section[2.2.2]

2.2.1 Editing

My approach to generating narrative math word problems by editing is related to the previous work
on math word problem generation described in|Polozov et al.|[2015], story generation (e.g., McIntyre
and Lapata [2010]) and sentence rewriting (e.g., text simplification [Xu et al., 2016]). I will cover
each of these comparisons below in detail. To my knowledge, I am the first to introduce a rewriting
formulation for generating multi-sentence texts.

Polozov et al. [2015] automatically generate math word problems tailored to a student’s interest
using Answer Set Programming to satisfy a collection of pedagogical and narrative requirements.
Starting from the equation they formulate a content plan in the form of a logical graph using
events and entities from an ontology. Semantic coherence based on predefined discourse tropes is
applied as an extra set of constraints in the graph; the resulting text is generated using hand-crafted
templates.

This method naturally produces highly coherent, personalized story problems that meet peda-
gogical requirements, at the expense of building the thematic ontologies and discourse constraints
by hand. According to |Polozov et al. [2015] building small thematic ontologies of types, relations,
and discourse tropes (100-200 entries) for each of only 3 literary settings took 1-2 person months.
In contrast, my model acquires the theme automatically from an input unprocessed document

collection. Moreover, my method can operate on arbitrary input documents and seed thematic
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document collections. This is in contrast with the previous work which is limited by both the size of

the semantic ontologies and the document templates available.

Because I focus on narrative math word problems, in which a story is used to describe a
mathematical equation, my work is related to previous works on story generation. Recent methods
in story generation first synthesize candidate plots for a story and then compile those plots into text.
L1 et al.|[2013]] use crowdsourcing to build plot graphs. Mclntyre and Lapata [McIntyre and Lapata,
2009, |2010]] address story generation through the automatic deduction and reassembly of scripts
[Schank and Abelson, |1977], or structured representations of events and their participants, and
causal relationships involved. Leveraging the automatic script learning methods of Chambers and
Jurafsky|[2009]], McIntyre and Lapatal [2010] learn candidate entity-centered plot graphs, or possible
events involving the entity and an ordering between these events. They use a genetic algorithm to
mix and mutate plot graphs to produce stronger plot candidates. Then plots are compiled into stories
through the use of a rule-based text surface realizer [Lavoie and Rambow, 1997] and reranked using

a language model.

While contributing to variety in the production of new plots, event co-occurrence as a content
planner component oversimplifies the definition of plot, reducing to less coherent or more mundane
stories compared to human-authored. Worse, genetic algorithms can make changes which reduce
the semantic soundness of the plot, a factor crucial for the domain of math word problems and their
potential solvability. Responding to this outcome, the current work aims to preserve much of the
original human-authored plot and only deviates from it subject to semantic, syntactic, and discourse
coherence constraints.

Finally, there is related work in text simplification [Wubben et al., 2012; Kauchak, 2013}; Zhu
et al., 2010; |Vanderwende et al., 2007; |Woodsend and Lapata, |2011b], sentence compression [Filip+
pova and Strube, 2008}; Rush et al., 2015]], and paraphrasing [Ganitkevitch et al.,[2013; |(Chen and
Dolan, 2011} |Ganitkevitch et al.,[2011]. All these tasks are focused on rewriting sentences under a

predefined set of constraints, such as simplicity. Different rule-based and data-driven approaches are
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introduced by |Petersen and Ostendorf [2007], |Vickrey and Koller| [2008]], and [Siddharthan! [2004]].
Most data-driven approaches take advantage of machine translation techniques, use source-target
sentence pairs, and learn rewrite operations [|Yatskar et al., 2010; [Woodsend and Lapata, 2011a], or
use additional external paraphrasing resources [Xu et al., 2016]. These approaches primarily focus
on editing a single sentence in isolation, rather than a multi-sentence text. Additionally, their aim
is to produce semantically equivalent texts, whereas theme-transfer aims to modify the semantics
while maintaining the intended purpose of the text (here, the mathematical equation). Lastly, other

editing techniques rely on source-target pairs for learning, which do not exist for arbitrary themes.

2.2.2 Text Generation from Graphs

In this section, I describe the most closely related works to my own dealing with text generation
from data and graph structures. My work falls under the larger scope of concept-to-text generation.
Earlier works in this area often focused on smaller record generation datasets such as WeatherGov
and RoboCup [Barzilay and Lapata, 2005; Liang et al., 2009; Kim and Mooney, 2010; Konstas and
Lapata, 2013]]. Recently, however, Mei et al. [2016]] showed how neural models can achieve strong
results on these standards, prompting researchers to investigate more challenging domains. I offer a
new more challenging concept-to-text dataset, the AGENDA dataset described in Section[5.1]

Lebret et al.| [2016] tackles the task of generating the first sentence of a Wikipedia entry from
the associated infobox, which contains relevant entities and relations. They provide a large dataset
of such entries and a language model conditioned on tables. My work and data extend this to the
multi-sentence setup. In AGENDA, relations can extend across sentence boundaries.

Wiseman et al.|[2017] offer a study of the difficulty of applying neural models to the data-to-text
task. They introduce a large dataset where a summary of a basketball game is paired with two tables
of relevant statistics. To generate game summaries from the tables of statistics, a model must learn
content selection, content planning, and surface realization. [Wiseman et al. [2017] show that neural

models struggle to compete with template based methods at this task. My work focuses on the
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content planning and surface realization steps of this process. The automatically extracted nature of
knowledge graphs used here requires that, rather than content selection, a model learns to tolerate

noise.

I show that modeling knowledge as a graph improves generation results, connecting the current
work to other graph-to-text tasks such as generating from Abstract Meaning Representation (AMR)
graphs. Konstas et al.|[2017]] provide the first neural model for this task, and show that pretraining on
a large dataset of noisy automatic parses can improve results. However, they do not directly model
the graph structure, relying on linearization and sequence encoding instead. Current works improve
this through more sophisticated graph encoding techniques. Marcheggiani and Perez-Beltrachini
[2018]] encode input graphs directly using a graph convolution encoder [Kipf and Welling, 2017].
My model extends the graph attention networks of |Velickovic et al. [2018]], a direct descendant of
the convolutional approach which offers more modeling power and has been shown to improve
performance. |Song et al. [2018] uses a graph LSTM model to effect information propagation.
At each timestep, a vertex is represented by a gated combination of the vertices to which it is
connected and the labeled edges connecting them. Beck et al.|[2018]] use a similar gated graph
neural network. Both of these gated models make heavy use of label information, which is much
sparser in scientific knowledge graphs than in AMR. Moreover, AMR graphs are denser, rooted, and
connected, whereas the knowledge graphs studied here lack these characteristics. For this reason, I
focus on attention-based models such as Velickovic¢ et al.| [2018]], which impose fewer constraints on
their input. They also make use of Levi graph transformations [Levi, |1942]] which convert labeled
graphs to bipartite unlabeled graphs without loss of information. I follow many of the same graph

conversions used in |Beck et al.|[2018]] when preparing my own model’s input.

Finally, my work is related to Wang et al.|[2018] who offer a method for generating scientific
abstracts from titles. Their model uses a gated rewriter network to write and revise several drafts
outputs in several sequence-to-sequence steps. While I operate in the same general domain as this

work, my task setup is ultimately different due to the use of extracted information as input. I argue
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that my task setup improves the task defined in Wang et al.| [2018] due to the stronger connection to
previous work, and the fact that the use cases for a knowledge-to-text model are more immediately

identifiable than those of a title-to-document model.
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Chapter 3

Reasoning Across Sentences

English-language grade-school algebra word problems read like short narratives (see Figure
It first describes a partial world state consisting of characters, entities, and quantities. As the
description progresses, it elaborates on this world state by updating the condition of a referent or
explicating relationships between referents. The conclusion then poses a simple question about the
world described.

A 4th grader may struggle with the mechanics of the mathematics required to solve a word
problem, but has little trouble understanding what is going on in the story utilizing extensive world
knowledge, large vocabulary, word-sense disambiguation, coreference resolution, mastery of syntax,
and the ability to combine individual sentences into a coherent mental model. For an algorithm, the
problem is the opposite: the challenge for an NLP system is to “make sense” of the narrative, which
may refer to arbitrary activities like renting bikes, collecting coins, or eating cookies.

Previous work coped with the open-domain aspect of algebraic word problems by learning
how subsequent verbs in the text affect quantities [Hosseini et al., 2014]] or by learning templates
that cover equations of particular forms [Kushman et al., 2014]. My experiments described in

Section [3.6] that both approaches are brittle, particularly as training data is scarce in this domain,

IThe work presented in this chapter was done with Hannaneh Hajishirzi, Ashish Sabharwal, Oren Etzioni, and Siena
Dumas Ang. It appears as Koncel-Kedziorski et al.|[2015]]
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Oceanside Bike Rental =

Shop charges 17 dollars plus /\

7 dollars an hour for renting + 80
a bike. Tom paid 80 dollars N
to rent a bike. How many

hours did he pay to have the 7$/\xh
bike checked out?
solution : 9 17+ (7Txx) =80

Figure 3.1: Example problem and solution

and the space of equations grows exponentially with the number of quantities mentioned in the
math problem.

I introduce ALGES which maps an unseen multi-sentence algebraic word problem into a set of
possible equation trees. Figure [3.1]shows an equation tree alongside the word problem it represents.
ALGES generates the space of trees via Integer Linear Programming (ILP) [Schrijver, |1998], which
allows it to constrain the space of trees to represent type-consistent algebraic equations satisfying as
many desirable properties as possible. ALGES learns to map spans of text to arithmetic operators, to
combine them given the global context of the problem, and to choose the “best” tree corresponding
to the problem. The training set for ALGES consists of unannotated algebraic word problems and
their solution. Solving the equation represented by such a tree is trivial. ALGES is described in
detail in Section[3.2l

ALGES is able to solve word problems with single-variable equations like the ones in Figure
In contrast to Hosseini et al.|[2014], ALGES covers +, —, %, and /. The work of Kushman et al.
[2014]] has broader scope but I show that it relies heavily on overlap between training and test data.
When that overlap is reduced, ALGES is 15% to 50% more accurate than this system.

My contributions are as follows: (1) I formalize the problem of solving multi-sentence algebraic
word problems as that of generating and ranking equation trees; (2) I show how to score the

likelihood of equation trees by learning discriminative models trained from a small number of word

2The code and data is publicly available at https://gitlab.cs.washington.edu/ALGES/TACL2015 .
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problems and their solutions — without any manual annotation; and (3) I demonstrate empirically that
ALGES has broader scope than the system of |Hosseini et al.| [2014]], and overcomes the brittleness

of the method of Kushman et al.|[[2014]].

3.1 Setup and Problem Definition

Given numeric quantities V' and an unknown x whose value is the answer sought, an equation over
V and x is any valid mathematical expression formed by combining elements of V' U {x} using
binary operators from O = {+, —, %, /, =} such that = appears exactly once. When each element
of V' appears at most once in the equation, it may naturally be represented as an equation tree where
each operator is a node with edges to its two operandsE] T denotes the set of all equation trees over

V and z.

Problem Formulation. I address the problem of solving grade-school algebra word problems
that map to single equations. A word problem w can be solved by selecting an equation tree
t representing the correct mathematical computation for solving w from the set of all possible
equation trees. Figure [3.1]shows an example of w with quantities underlined, and the corresponding
tree ¢. Formally, I use a joint probability distribution p(¢, w) that defines how “well” an equation
tree t € T captures the mathematical computation expressed in w. Given a word problem w as
input, my goal is to compute ¢ = arg maxer p(t|w).

An exhaustive enumeration over 7' quickly becomes impractical as problem complexity increases
andn = |V U{z}| grows. Specifically, |[T| > h(n) = n! (n—1)! (n—1) 2", h(4) = 432, h(6) >
1.7M, h(8) > 22B, etc. This vast search space makes it challenging for a discriminative model to
learn to find ¢ directly, as a sufficiently similar tree may not have been observed during training.
Instead, this method first generates syntactically valid equation trees, and then uses a bottom-up

approach to score equations with a local model trained to map spans of text to math operators, and

3Problems involving simultaneous equations require combining multiple equation trees, one per equation.
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a global model trained for coherence of the entire equation w.r.t. global problem text structure.

3.2 Overview of the Approach

On Monday, 375 students went on a trip to the zoo. All 7 buses were filled and 4
students had to travel in cars. How many students were in each bus ?

1. Ground text w into base Qsets

Qnt: 375 Qnt: x Qnt: 7 Qnt: 4
Ent: students Ent: students Ent: buses Ent: students
Verb: went Ctr: buses Verb: filled Verb: travel

2. Use ILP to generate M equation trees 7" (w)

T,(w): subset of T"(w) with correct solution TwW)\T,(w)
SN N Y
s s +s S
RN T TN RN
375, *s * 4 375, "s
RN TN 7N
7b Xs 7b X 7b Xs

S

3. Train local model 4. Train global model
T¥,.,: operator nodes in 7, (w) T7,,,,* PTODlEM-tree pairs
Training example | Label| | positive examples | Negative examples
(7,,x,) * (from 7,(w)) (from T(wW)\T,(w))
(375,,combine(7,,x.)) i — 375-(7T*x)=4 | 375+(7*x)=4
(7,,x,) * 375=(7T*x)+4 | 375=(7/x)+4
(combine(1,,x),4) | + || 375=(x*7)+4 | 375-(x+7)=4

Figure 3.2: An overview of the process of learning for a word problem and its Qsets.

Figure [3.2] gives an overview of my method, also detailed in Figure [3.3] In order to build
equation trees, I use a compact representation for each node called a Quantified Set or Qset to model

natural language text quantities and their properties (e.g., ‘375 students’ in ‘7 buses’). Qsets are
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Learning (word problems W, corresponding solutions L):
1. For every problem-solution pair (wj;, ¢;) with w; € W, ¢; € L

(a) S < Base Qsets obtained by Grounding text w; and Reordering the resulting Qsets (Section|3.3))
(b) T; + Top M type-consistent equation tree candidates generated by ILP(w;) (Section
(c) T}, < Subset of T; that yields the correct numerical solution ¢;

(d) Add to Trjpeq features (s1, s2) with label op for each operator op combining Qsets s1, so in
trees in 17,

(e) Add to Trgopq features (w, t) labeled positive for each ¢ € T}, and labeled negative for each
teT \ Tgi

2. Lipeqr < Train a local Qset relationship model on 77,4 (Section|3.5.1))
3. Ggiobat < Train a global equation model on T’ giopa; (Section [3.5.2)

4. Output local and global models (Liocat, Ggiobal)

Inference (word problem w, local set relation model £;,.,;, global equation model G ;,4,):
1. S + Base Qsets obtained by Grounding text w; and Reordering the resulting Qsets (Section 3.3)

2. T « Top M type-consistent equation tree candidates generated by ILP(w) (Section

3. t* « argmaxyer <Htj€t Elocal(tj]w)) X Gglobal (t|w), scoring each tree ¢; € T' based on Equa-

tion 3.1

4. ¢ <+ Numeric solution to w obtained by solving equation tree ¢* for the unknown

5. Output (t*,¢)

Figure 3.3: Overview of this method for solving algebraic word problems.

used for tracking and combining quantities when learning the correspondence between equation

trees and text.

Definition 1. Given a math word problem w, let S be the set of all possible spans of text in w, ¢
denote the empty span, and S = S U {¢}. A Qset for w is either a base Qset or a compound Qset.

A base Qset is a tuple (ent, qnt, adj, loc, vrb, syn, ctr) with:

e ent € S: entity or quantity noun (e.g., ‘student’);
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e gnt € RU {x}: number or quantity (e.g., 4 or z);

e adj C S?: adjectives for ent in w;

e loc € S?: location of ent (e.g., ‘in the drawer’);

e vrb € S?: governing verb for ent (e.g., ‘fill’);

e syn: syntactic and positional information for ent (e.g., ‘buses’ is in subject position);
e ctr C S?: containers of ent (e.g., ‘Bus’ is a container for the ‘students’ Qset).

Properties being ¢ indicates these optional properties are unspecified. A compound Qset is formed

by combining two Qsets with a non-equality binary operator as discussed in section[3.3]

When a pair of Qsets are combined by the equality operator, they yield a semantically augmented
equation treeﬂ The example in Figure [3.2| has four base Qsets extracted from problem text. Each
possible equation tree corresponds to a different recursive combination of these four Qsets.

Given w, ALGES first extracts a list of n base Qsets S = {s1,...,s,} (Section[3.3). It then
uses an ILP-based optimization method to combine extracted Qsets into a list of type-consistent
candidate equation trees (Section [3.4). Finally, ALGES uses discriminative models to score each
candidate equation, using both local and global features (Section [3.5).

Specifically, the recursive nature of this representation permits me to decompose the likelihood
function p(t, w) into local scoring functions for each internal node of ¢ followed by scoring the root

node:

p(t|w) (S8 H Llocal(tj|w) X gglobal(t’w) (31)

tjet
where the local function £;,.4(;|w) scores the likelihood of the subtree ¢;, modeling pairwise Qset
relationships, while the global function G;u (t|w) scores the likelihood of the root of ¢, modeling

the equation in its entirety.

“Inspired by Semantically Augmented Parse Trees [Ge and Mooney, [2005]] adapted to equational logic.
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Learning. ALGES learns in a weakly supervised fashion, using word problems w; and only their
correct answer /; (not the corresponding equation tree) as training data {(w;, £;) }ic(1,....v}- I ground
each w; into ordered Qsets and generate a list of type-consistent candidate training equations 7,
that yield the correct answer ¢;.

I build a local discriminative model L;,.,; to score the likelihood that a math operator op € O
can correctly combine two Qsets s; and s, based on their semantics and intertextual relationships.
For example, in Figure [3.2]this model learns that * has a high likelihood score for “7 buses’ and ‘x
students’. The training data consists of feature vectors (s, s2) labeled with op, derived from the
equation trees that yield the correct solution.

I also build a global discriminative model that scores equation trees based on the global problem
structure: Gyiobar = U7 foropar(w, t) Where fyopqa represents global features of w and ¢, and ¢ are
parameters to be learned. The training data consists of feature vectors (w, t) for equation trees that
yield the correct solution as positive examples, and the rest as negatives (Figure [3.2). The details of

learning and inference steps are described in Section [3.5]

3.3 Grounding and Combining Qsets

I discuss how word problem text is grounded into an ordered list of Qsets. A Qset is a compact
representation of important properties of a quantity which are local via dependency relations. The
use of Qsets facilitates the building of semantically augmented equation trees. Additionally, by
tracking certain properties of text quantities, ALGES can resolve pronominal references or elided
nouns to properties of previous Qsets. It can also combine information about quantities referenced
in different sentences into a single semantic structure for further use.

Grounding. ALGES translates the text of the problem w into interrelated base Qsets {s1, ..., S, },
each associated with a quantity in the problem text w. The properties of each Qset (Definition

are extracted from the Stanford English dependencies [De Marneffe and Manning,, 2008]] present in
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For each quantity mentioned in the text, properties (qnt, ent, ctr, adj, vrb, loc) of the corresponding Qset
are extracted as follows:

1. gnt (quantity) is a numerical value or determiner found in the problem text, or a variable.

2. ent (entity) is a noun related to the gnt in the dependency parse tree. If gnt is a numerical value,
ent is the noun related by the num, number, or prep_of relations. If gnt is a determiner, ent is the
noun related via the det relation. When such a noun does not exist due to parse failure or pragmatic
recoverability, ent is the noun that is closest to gnt in the same sentence or the ent associated with
the most recent Qset.

3. ctr (container) is the subject of the verb governing ent, except in two cases: when this subject is a
pronominal reference, the ctr is set to the ctr of the closest previous Qset; if ent is related to another
Qset whose gnt is one of each, every, a, an, per, or one, ctr is set to the ent of that Qset.

4. adj (adjectives) is a list of adjectives related to ent by the amod relation.
5. vrb (verb) is a governing verb, either related to ent by nsubj or dobj

6. loc (location) is a noun related to ent by prep_on, prep_in, or prep_at relations.

Table 3.1: The process of forming a single Qset.

the sentence where the quantity is referred to according to the rules described in Table [3. 1]

Additionally, ALGES assigns a single target Qset s, corresponding to the question sentence. The
properties of the target Qset are also extracted according to the rules of the Table[3.1] In particular,
the gnt property is set to unknown, the ent is set to the noun appearing after the words what, many

or much in the target sentence, and the other properties are extracted as listed in Table

Reordering. In order to reduce the space of possible equation trees, ALGES reorders Qsets
{s1,...,s,} according to semantic and lexical information and enforces a constraint that Qsets can
only combine with adjacent Qsets in the equation tree. In Figure [3.2] the target Qset corresponding
to the unknown (x ‘students’) is moved from its textual location at the end of the problem and
placed adjacent to the Qset with entity ‘buses’. This move is triggered by the relationship between
the target entity ‘student’ and its container ‘bus’ that is quantified by each in the last sentence. In

addition to the container match rule, I employ three other rules to move the target Qset as described

>Dependencies are produced following the method of De Marneffe et al.| [2006].
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1. Move Qset s; to immediately after Qset s; if the container of s; is the entity of s; and is quantified by
each.

2. Move target Qset to the front of the list if the question statement includes keywords start or begin.

3. Move target Qset to the end of the list if the question statement includes keywords left, remain, and
finish.

4. Move target Qset to the textual location of an intermediate reference with the same ent if its num property
is the determiner some.

Table 3.2: Rules for reordering Qsets.

in Table 3.2/

Combining. Two Qsets and an arithmetic operator can be combined via the combine function to
form a third Qset, alternately referred to as a compound. Because of this, I can represent intermediate
nodes in the equation tree as Qsets themselves. The recursive combination of Qsets allows me to
effectively decompose equation trees into a collection of local operations over identical abstractions.
This enables learning features of Qsets and text that indicate particular operations from both leaf

and intermediate nodes. The mechanics of ¢ <— combine(a, b, op) are detailed below.

For op = +, the properties of either Qset a or b suffice to define c. ALGES always forms c using
the properties of b in these situations. For op = —, the properties of the left operand a define the
resultant set, as evidenced by the subtraction operations present in the first problem in Table 3.9 on
page To determine the stickers in Luke’s possession, I need to track stickers related to the left

Qset with the verb ‘got’.

For op = *, the Qset relationship is captured by the container and entity properties: the one
whose properties preserve after multiplication has the other’s entity as its container. In Figure
the ‘bus’ Qset is the container of ‘students’. When these are combined with the * operator, the result

is of entity type ‘student’. For op = /, the type of the dividend is used as the type of the result.

®These reordering rules are intentionally minimal, but do provide some gain over both preserving the text ordering
of quantities or setting ordering as a soft constraint. See Table
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3.4 Generating Equation Trees with ILP

ALGES uses an ILP optimization model to generate equation trees involving n base Qsets. These
equation trees are used for both learning and inference steps. ALGES generates an ordered list of M
of the most desirable candidate equations for a given word problem w using an ILP, which models
global considerations such as type consistency and appropriate low expression complexity. To
facilitate generation of equation trees, ALGESrepresents them in parenthesis-free postfix or reverse
Polish notation, where a binary operator immediately follows the two operands it operates on (e.g.,
abc+*xx=).

Given a word problem w with n base Qsets (cf. Table 3.3 for notation), I build an optimization
model ILP(w) over the space of postfix equations ¥ = eje, . .. ef, of length L involving & numeric
constants, ¥’ = n — k unknowns, r possible binary operators, and ¢ “types” of Qsets, where type
corresponds to the entity property of Qsets and determines which binary relationships are permitted
between two given Qsets. For single variable equations over binary operators O, k' = 1,r = |O| =
5, and L = 2n — 1. For brevity, define m = n + r and let [j] denote {1,...,j}. Expression £
can be evaluated by considering eq, es, . . . , ey, in order, pushing non-operator symbols on to a stack
o, and, for operator symbols, popping the top two elements of o, applying the operator to them,
and pushing the result back on to 0. The stack depth of the e; is the stack size after e; has been

processed this way.

Variables. Integer variables 1, xo, . . .,z encode which symbol each e; refers to. Their domain,
[m], represents the k& numeric constants in the same order as their respective Qsets, followed by the
k" unknowns, and finally operators in the order +, —, %, /, =. Binary variables ¢;, u;, and o; indicate
whether e; is a numeric constant, unknown, or operator, resp. Variables d; with domain [L] equal the
postfix stack depth of e;. Finally, variables ¢; with domain [g| indicate the type of e;. For j € [n],
i.e., for the k constants and &’ unknowns, type; € [q] denotes the respective Qset entity. Uncertainty

in object types may be incorporated easily by treating fype; as a (potentially weighted) subset of [q].
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INPUT
w input math word problem

n number of base Qsets

k number of numeric constants

k' number of unknowns (1 for single-var. eqns.)
T number of binary operators (r = |O| = b)

m number of possible symbols (n + )
type;  type of j-th base Qset
M desired number of candidate equation trees
L desired length of postfix equations (2n — 1)
OuTPUT
E postfix equation to be generated
e i-th element of F; i € [L)]
VARIABLES for i € [L]
T main ILP variable for i-th symbol of I/
ci indicator variable: e; is a numeric constant
U; indicator variable: e; is an unknown
0; indicator variable: e; is an operator
d;  postfix stack depth of e;; d; € [L]
ti type of e; (corresponds to Qset entity); ¢; € [q]

Table 3.3: ILP notation for candidate equations model

Constraints and Objective Function. Constraints in ILP(w) include syntactic validity, type
consistency, and domain specific simplicity considerations. The objective function minimizes the
sum of the weights of violated soft constraints. Below, (H) denotes hard constraints, (W) weighted

soft constraints, and (P) post-processing steps.

Definitional Constraints (H): Constraints over indicator variables c;, u;, and o; ensure they
represent their intended meaning, including the invariant ¢; + u; + 0; = 1. For stack depth variables,

laddd, =1andd; = d;_; — 20; + 1 fori > 1.

Syntactic Validity (H): Validity of the postfix expression is enforced easily through constraints
01 = 0 and d;, = 1. In addition, I add x;, = m and x; < m for ¢ < L to ensure equality occurs

exactly once and as the top-level operator.

Operand Access (H): The second operand of an operator symbol e; is always e; ;. Its first
operand, however, is defined instead by the stack-based evaluation process. ILP(w) encodes it

using an alternative characterization: the first operand of e; is e; iff j < ¢ — 2 and j is the largest
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index such that d; = d;.

Type Consistency (W): Suppose 7 and 75 are the types of the two operands of an operator o,
whose type is 7,,. Addition and subtraction preserve the type of their operands, i.e., if o is + or —,
then 7, = T} = T5. Multiplication inherits the type of one of its operands, and division inherits the
type of its first operand. In both cases, the two operands must be of different types. Formally, if o is

x,then T, € {T1,To} and T} # Ty;if ois /, then T, = T} # Ts.

Simplicity (H): I add a few hard simplicity constraints based on patterns observed in a small
subset of the questions. These include an upper bound on the stack depth, which helps avoid
overly complex expressions unsuitable for grade-school algebra, and reducing redundancy by, e.g.,

disallowing the numeric constant 0 to be an operand of + or — or the second operand of /.

Simplicity (W): To promote the use of simpler equations where possible, equations with a single
variable alone on one side of the equality are preferred to equations with a single constant on one
side of the equality, which are preferred to equations with complex expressions on both sides of the

equality operator.

Symmetry Breaking (H): If a commutative operator is preceded by two numeric constants (e.g.,

ab+), I require the constants to respect their Qset ordering.

Symmetry Breaking (W): Every pair of constants that disrespects its Qset ordering incurs a small

penalty, except those combined by a commutative operator.

Negative and Fractional Answers (P): Negative answers are out of scope for the word problems
addressed in this work. However, imposing non-negativity in ILP(w) is unnecessarily complex.
Instead, I filter out candidate expressions yielding a negative answer as a post-processing step.
Similarly, when all numeric constants are integers, I filter out expressions yielding a fractional

answer, again based on typical questions in these datasets.
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3.5 Learning

My goal is to learn a scoring function that identifies the best equation tree ¢t* corresponding to an
unseen word problem w. Since the dataset consists only of problem-solution pairs {(w;, ¢;) }i=1.. N,
training the scoring models requires producing equation trees matching ¢;. For every training
instance (wj, ¢;), ILP(w;) is used to generate M type-consistent equation tree candidates 7;. To
train the local model (section [3.5.1]), I filter out trees from T; that do not evaluate to ¢;, extract all
(s1, s2, 0p) triples from the remaining trees, and use feature vectors capturing (sy, so) and labeled
with op as training data (see Figure [3.2)). For the global model, I use for training data a subset of 7;
with an equal number of correct and incorrect equation trees (section [3.5.2)). Once trained, I use
Equation 3.1|to combine these models to compute a score for each candidate equation tree generated

for an unseen word problem at inference time (see Figure [3.3)).

3.5.1 Local Qset Relationship Model

I train a local model of a probability distribution over the math operators that may be used to
combine a pair of Qsets. The idea is to learn the correspondence between spans of texts and math
operators by examining such texts and the Qsets of the involved operands. Given Qsets s; and s, the
local scoring function scores the probability of each op € {+, —, *, /}, i.e., Liocat = 07 fiocar(S1, S2)
where f,., 1s a feature vector for s; and s,. Note that either Qset may be a compound (the result
of a combine procedure). The goal is to learn parameters # by maximizing the likelihood of the
operators between every two Qsets that I observe in the training data. I model this as a multi-class

SVM with an RBF kernel.

Features. Given the richness of the textual possibilities for indicating a math operation, the features
are designed over semantic and intertextual relationships between Qsets, as well as domain-specific
lexical features. The feature vector includes three main feature categories (Table [3.4).

First, single set features include syntactic and positional features of individual Qsets. For
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example, they include indicator features for whether elements of a short lexicon of math-specific
terms such as ‘add’ and ‘times’ appear near to the set reference in the surface string[] Also, following
Hosseini et al.|[2014], I include a vector that captures the distance between the verbs associated with
each Qset and a small collection of verbs found to be useful in categorizing arithmetic operations
in that work, based upon their Lin Similarity [Lin, |1998]]. Second, relationships between Qsets
are described w.r.t. various Qset properties described in section These include binary features
like whether one Qset’s container property matches the other Qset’s entity (a strong indicator of
multiplication), or the distance between the verbs associated with each set based upon their Lin
Similarity. Third, target quantity features check the matching between the target Qset and the

current Qset as well as math keywords in the target sentence.

3.5.2 Global Equation Model

I also train a global model that scores equation trees based on the global structure of the tree and
the problem text. The global model scores the compatibility of the tree with the soft constraints
introduced in Section [3.4]as well as its correspondence with the problem text. I use a discriminative
model: Gyiopar = VT fiobai (W, t) Where fyiopq are the features capturing trees and their correspon-
dences with the problem text. I train a global classifier to relate these features through parameters
.

Features fgopq are explained in Table They include the number of violated soft constraints
in the ILP, the probabilities of the left and right subtrees of the root (representing the equality
symbol) as provided by the local model, and global lexical features. Additionally, the three local

feature sets are applied to the left and right Qsets.

"The use of surface distance for this lexicon is due to the difficulty of determining consistent dependency relations
between the quantity and math term. This is often caused by parse errors arising from the math-specific versus general
meaning of these terms.
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1. Single Qset Features (repeated for B)

what argument of its governing verb is A?
e is A a subset of another set?
e is A a compound?
e math keywords found in context of A
e verb Lin distance from known verb categories (3 only)
2. Relational features between Qsets A and B
e entity match
e adjective overlap
e location match
e distance in text
e Lin similarity between verbs governing A and B
e is one a subtype of the other?
e does one contain the other?
3. Target Quantity features
e A/B is target Qset
e A/B entity matches target entity

e math keywords in target context

4. Root node features
e # of ILP constraints violated by equation

e Scores of left and right subtrees of root

Figure 3.4: Features used for local and global models, for left Qset A and right Qset B

3.5.3 Inference

For an unseen problem w, I first extract base Qsets from w. The goal is to find the most likely
equation tree with minimum violation of hard and soft constraints. Using ILP(w) over these Qsets,
I generate M candidate equation trees ordered by the sum of the weights of the constraints they
violate. I compute the likelihood score given by Eqn. (3.1)) for each candidate equation tree ¢, use
this as an estimate of the likelihood p(¢|w), and return the candidate tree ¢* with the highest score.

In Eqn. (3.1), the score of ¢ is the product of the likelihood scores given by the local classifier for
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each operand in ¢ and the Qsets over which it operates, multiplied by the likelihood score given by
the global classifier for the correctness of ¢. If the resulting equation provides the correct answer for

w, I consider inference successful.

3.6 Experiments

This section reports on three experiments: a comparison of ALGES with Kushman et al.|[2014]’s
template-based method, a comparison of ALGES with |[Hosseini et al.| [2014]]’s verb-categorization
methods, and ablation studies. The experiments are complicated by the fact that ALGES is limited
to single equations, and the verb categorization method can only handle single-equations without
multiplication or division. my main experimental result is to show an improvement over the template-
based method on single-equation algebra word problems. I further show that the template-based
method depends on lexical and template overlap between its training and test sets. When these
overlaps are reduced, the method’s accuracy drops sharply. In contrast, ALGES is quite robust to

changes in lexical and template overlap (see Tables [3.4]and 3.5).

Experimental Setup. I use the Stanford Dependency Parser in CoreNLP 3.4 [De Marneffe et al.,
2006] to obtain syntactic information used for grounding and feature computation. For the ILP
model, I use CPLEX 12.6.1 [IBM ILOG;, |2014] to generate the top M = 100 equation trees with
a maximum stack depth of 10, aborting exploration upon hitting 10K feasible solutions or 30
secondsﬂ I use Python’s SymPy package for solving equations for the unknown. For the local and
global models, I use the LIBSVM package to train SVM classifiers [Chang and Lin, [2011] with

RBF kernels that return likelihood estimates as the score.

Dataset. This work deals with grade-school algebra word problems that map to single equations

with varying length. Every equation may involve multiple math operations including multiplication,

8These hyper-parameters were chosen based on experimentation with a small subset of the questions. A more
systematic choice may improve overall performance.
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Template Overlap 104 7.7 63 2.1

ALGES 0.72 0.66 0.66 0.63

Template-based 0.67 060 046 0.26
Error reduction 15% 15% 33% 50%

Table 3.4: Decreasing template overlap: Accuracy of ALGES versus the template-based method on
single-equation algebra word problems. The first column corresponds to the SINGLEEQ dataset,
and the other columns are for subsets with decreasing template overlap.

division, subtraction, and addition over non-negative rational numbers and one variable. The
data is gathered from http://math-aids.com http://k5learning.com, and http:
//1x1.com websites and a subset of the data from Kushman et al.| [2014]] that maps word problems
to single equations. I refer to this dataset as SINGLEEQ (see Table [3.9]for example problems). The

SINGLEEQ dataset consists of 508 problems, 1,117 sentences, and 15,292 words.

Baselines. I compare my method with the template-based method [Kushman et al., 2014] and the
verb-categorization method [Hosseini et al., 2014] using the software provided by these researchers.
For the template-based method, I use the fully supervised setting, providing equations for each

training example.

3.6.1 Comparison with Template-based Method

I first compare ALGES with the template-based method over SINGLEEQ. I evaluate both systems on
the number of correct answers provided and report the average of a 5-fold cross validation. ALGES
achieves 72% accuracy whereas the template-based method achieves 67% accuracy, a 15% relative
reduction in errors (first columns in Tables 3.4 and [3.5). This result is statistically significant with a

p-value of 0.018 under a paired t-test.

Lexical Overlap. By further analyzing SINGLEEQ, I noted that there is substantial overlap between
the content words (common noun, adjective, adverb, and verb lemmas) in different problems. For

example, many problems ask for the total number of seashells collected by two people on a beach,
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Lexical Overlap 43 33 26 25

ALGES 0.72 0.66 0.66 0.63

Template-based 0.67 060 046 0.26
Error reduction 15% 15% 33% 50%

Table 3.5: Decreasing lexical overlap: Accuracy of ALGES versus the template-based method on
single-equation algebra word problems. The first column corresponds to the SINGLEEQ dataset,
and the other columns are for subsets with decreasing lexical overlap.

with only the names of the people and the number of seashells that each found changed. To analyze
the effect of this repetition on the learning methods evaluated, I define a lexical overlap parameter
as the total number of content words in a dataset divided by the number of unique content words.

The two “seashell problems” have a high lexical overlap.

Template Overlap. I also noted that many problems in SINGLEEQ can be solved using the same
template, or equation tree structure above the leaf nodes. For example, a problem which corresponds
to the equation (9 x 3) + 7 and a different problem that maps to (4 x 5) + 2 share the same template.
I introduce a template overlap parameter defined as the average number of problems with the same

template in a dataset.

Results. In my data, template overlap and lexical overlap co-vary. To demonstrate the brittleness of
the template-based method simply, I picked three subsets of SINGLEEQ where both parameters were
substantially lower than in SINGLEEQ and recorded the relative performance of the template-based
method and of ALGES in Tables and The data used in both tables is the same, but the tables
are separated for readability. The first column reports results for the SINGLEEQ dataset, and the
other columns report results for the subsets with decreasing template and lexical overlaps. The
subsets consist of 254, 127, and 63 questions respectively. I see that as the lexical overlap drops
from 4.3 to 2.5 and as the template overlap drops from 10.4 to 2.1, the relative advantage of ALGES

over the template methods goes up from 15% to 50%.

The template-based method’s accuracy falls off significantly when faced with fewer repeated
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templates or less spurious lexical overlap between problems (from 0.67 to 0.26) for algebra word
problems with single equations. The accuracy of ALGES also declines from 0.72 to 0.63 across the
table, which needs to be investigated further. In future work, I also need to investigate additional
settings for the two parameters and to attempt to “break” their co-variance. Nevertheless, I have
uncovered an important brittleness in the template-based method and have shown that ALGES is

substantially more robust.

3.6.2 Comparison with Verb-Categorization

The verb-categorization method learns to solve addition and subtraction problems, while ALGES is
capable of solving multiplication and division problems as well. I compare against their method
over my dataset as well as the dataset provided by that work, here referred to as ADDSUB. ADDSUB
consists of addition and subtraction word problems with the possibility of irrelevant distractor
quantities in the problem text. The verb categorization method introduces a heuristic rule for
handling irrelevant information: it ignores a quantity whose adjective is not consistent with the
adjective of the target quantity. For example, if a problem describes sets of red balloons and sets
of black balloons but the question asks specifically for the total number of black balloons, then
quantities of red balloons are ignored under this rule. I augment ALGES with this rule for handling

irrelevant information in ADDSUB.

Results, reported in Table show comparable accuracy between both methods on Hosseini
et al.|[2014]] data. My method shows a significant improvement versus theirs on the SINGLEEQ
dataset due to the presence of multiplication and division operators, as 40% of the problems in my

dataset include these operators.
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Method ADDSUB SINGLEEQ
ALGES 0.77 0.72
Verb-categorization 0.78 0.48

Error reduction - 53%

Table 3.6: Accuracy of ALGES compared to verb categorization method.

Method Accuracy
ALGES 0.72
No Local Model 0.50
No Global Model 0.49
No Qset Reordering 0.68

Table 3.7: Ablation study of each component of ALGES.

3.6.3 Ablation Study

In order to determine the effect of various components of my system on its overall performance, I

perform the following ablations:

No Local Model: Here, I test my method absent the local information (Section [3.5.1). That is, I
generate equations using all ILP constraints, and score trees solely on information provided by the

global model: p(t|w) o Gyiopar(w, t).

No Global Model: Here, I test my method without the global information (Section|3.5.2)). That is,
I generate equations using only the hard constraints of ILP and score trees solely on information

provided by the local model: p(t|w) o< [],.¢; Liocat(w, t;).

No Qset Reordering: I test my method without the deterministic Qset reordering rules outlined in
Section Instead, I allow the ILP to choose the top M equations regardless of order.

Results in Table show that each component of ALGES contributes to its overall performance
on the SINGLEEQ corpus. I find that both the Global and Local models contribute significantly to
the overall system, demonstrating the significance of a bottom-up approach to building equation

trees.
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Method Accuracy
Local classifier: Full Feature set 0.84

No Single Set Features 0.81
No Set Relation Features 0.75
No Target Features 0.79

Table 3.8: Accuracy of local classifier in predicting the correct operator between two Qsets and
ablating feature sets.

Importance of Features. I also evaluate the accuracy of the local Qset relationship model (Sec-
tion [3.5.1) on the task of predicting the correct operator for a pair of Qsets (si, s2) over the
SINGLEEQ dataset using a 5-fold cross validation. Table |3.8|shows the value of each feature group

used in the local classifier, and thus the importance of details of the Qset representation.

3.6.4 Qualitative Examples and Error Analysis.

Table [3.9]shows some examples of problems solved by my method. I analyzed 72 errors made by

ALGES on the SINGLEEQ dataset. Table summarizes five major categories of errors.

Problems and equations
Luke had 20 stickers. He bought 12 stickers from a store
in the mall and got 20 stickers for his birthday. Then
Luke gave 5 of the stickers to his sister and used 8 to
decorate a greeting card. How many stickers does Luke
have left?
((20+ ((12420) —8)) —5) ==
Maggie bought 4 packs of red bouncy balls, 8 packs of
yellow bouncy balls, and 4 packs of green bouncy balls.
There were 10 bouncy balls in each package. How many
bouncy balls did Maggie buy in all?
z=(((4+8)+4)x*10)
Sam had 79 dollars to spend on 9 books. After buying
them he had 16 dollars. How much did each book cost?
79 = ((9 x x) + 16)
Fred loves trading cards. He bought 2 packs of football
cards for $2.73 each, a pack of Pokemon cards for $4.01,
and a deck of baseball cards for $8.95. How much did
Fred spend on cards?
((2%2.73) 4+ (4.01 + 8.95)) =«

Table 3.9: Examples of problems solved by ALGES together with the returned equation.
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Error type | Example

Parsing Randy needs 53 cupcakes for a birthday
Issues party. He already has 7 chocolate cup-
(12%) cakes and 19 vanilla cupcakes. How many
more cupcakes should Randy buy?
Grounding | There are 24 bicycles and 14 tricycles in
& Order- | the storage at Danny’s apartment building.
ing Each bicycle has 2 wheels and each tricy-
(19%) cle has 3 wheels. How many wheels are
there in all?

Semantic | The sum of three consecutive even num-
Limitation | bers is 162. What is the smallest of these

(19%) numbers?

Lack of | A restaurantsold 63 hamburgers last week.
Knowl- How many hamburgers on average were
edge sold each day?

(32%)

Inferring Sara, Keith, Benny, and Alyssa each have
quantities | 96 baseball cards. How many dozen base-
(18%) ball cards do they have in all?

Table 3.10: Examples of different error categories and relative frequencies. Sources of errors are underlined.

Parsing errors cause a wrong grounding into the designed representation. For example, the parser
treats ‘vanilla’ as a noun modified by the number ‘19°, leading my system to treat ‘vanilla’ as the
entity of a Qset rather than ‘cupcake’. Despite the improvements that come from ALGES, a portion
of errors are attributed to grounding and ordering issues. For instance, the system fails to correctly
distinguish between the sets of wheels, and so does not get the movement-triggering container
relationships right. Semantic limitations are another source of errors. For example, ALGES does
not model the semantics of ‘three consecutive numbers’. The fourth category refers to errors caused
due to lack of world knowledge (e.g., ‘week’ corresponds to 7 days’). Finally, ALGES is not able
to infer quantities when they are not explicitly mentioned in the text. For example, the number of
containers of baseball cards (who in this case are people) should be inferred by understanding that

the set quantified by ‘each’ consists of these 4 people.
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3.7 Conclusion

In this work I have outlined a method for solving grade school algebra word problems. I have
empirically demonstrated the value of this approach versus state-of-the-art word problem solving
techniques. My method grounds quantity references, utilizes type-consistency constraints to prune
the search space, learns which algebraic operators are indicated by text, and ranks equations
according to a global objective function. ALGES is a hybrid of previous template-based and verb
categorization state-based methods for solving such problems. By learning correspondences between
text and mathematical operators, I extend the method of state updates based on verb categories. By
learning to re-rank equation trees using a global likelihood model, I extend the method of mapping
word problems to equation templates. ALGES achieves state-of-the-art results on the SINGLEEQ
dataset, and the robustness of the method is demonstrated on data with lower template and lexical
overlap.

Future work involves extending ALGES to solve higher grade math word problems including
simultaneous equations. This can be accomplished by extending the variable grounding step to
allow multiple variables, and training the global equation model to recognize which quantities

belong to which equation.
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Chapter 4

Generating Longer Texts by Editing

Storytelling is the complex activity of expressing a plot, its events and participants in words
meaningful to an audience Automatic storytelling systems can be used for customized sport
commentaries, enriching video games with personalized or dynamic plot-lines [Barros and Musse,
2007], or providing customized learning materials which meet each individual student’s needs and
interests [Bartlett, 2004]]. In this paper, I focus on generating narrative-style math word problems
(Figure 4.T)). Building on what I discovered about the math word problem genre in Chapter [3] I
demonstrate that it is possible to design an algorithm that can automatically change the overall
theme of a text without changing its correspondence to an underlying equation. This model can be
used to create more engaging homework that is related, for example, to the theme of a student’s

favorite movie.

A math word problem is a coherent story that provides the student with good clues to the
correct mathematical operations between the numerical quantities described therein. However, the

particular theme of a problem, whether it be about collecting apples or traveling distances through

'The work presented in this chapter was done with Ioannis Konstas, Luke Zettlemoyer, and Hannaneh Hajishirzi. It
appears as |[Koncel-Kedziorski et al.| [2016a]
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Craig walked 0.2 of a mile from school to David’s house and 0.7 of a mile from David’s
house to his own house. How many miles did Craig walk in all?

Star Wars

Uncle Owen walked 0.2 of a mile from hangar to Luke Skywalker’s room and 0.7 of a mile from
Luke Skywalker’s room to his own room. How many miles did Uncle Owen walk in all?
Cartoon

Finn squished 0.2 of a mile from cupboard to Melissa’s dock and 0.7 of a mile from Melissa’s
dock to his own dock. How many miles did Finn squish in all?

Western

Duane strolled 0.2 of a mile from barn to Madeline’s camp and 0.7 of a mile from Madeline’s
camp to his own camp. How many miles did Duane stroll in all?

Figure 4.1: An example story and rewrites in 3 themes.

space, can vary significantly so long as the correlation between the story and underlying equation is
maintained. Students’ success at solving a word problem is tied to their interest in the problem’s
theme [Renninger et al., 2002], and personalizing word problems increases student understanding,
engagement, and performance in the problem solving process [Hart, |1996; Davis-Dorsey et al.,

1991]].

Motivated by this need for thematically diverse, highly coherent stories, I address the problem of
story rewriting, or transforming human-authored stories into novel, coherent stories in a new theme.
Rather than synthesizing first a story plot [McIntyre and Lapata, 2009, 2010] or script [Chambers
and Jurafsky, |2009; Pichotta and Mooney, 2016; |(Granroth-Wilding and Clark, 2016] from scratch, I
instead begin from an existing story and iteratively edit it towards a thematically novel but—most
crucially—semantically compatible story. This approach allows me to reuse much, but not all, of
the syntactic and semantic structure of the original text, resulting in the creation of more coherent

and solvable math word problems.

I define a theme to be a collection of reference texts, such as a movie script of series of books.
Given a theme, the rewrite algorithm constructs new texts by substituting thematically appropriate
words and phrases, as measured with automatic metrics over the theme text collection, for parts of

the original texts. This process optimizes for a number of metrics of overall text quality, including
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syntactic, semantics, and discourse scores. It uses no hand crafted templates and requires no
theme-specific tuning data, making it easy to apply for new themes in practiceE] Tables
show example stories generated from the rewrite system.

To evaluate performance, I collected a corpus of 450 rewrites of math word problems in Star
Wars and Children’s Cartoon themes via crowdsourcing. Experiments with automated metrics and
human evaluations demonstrate that the approach described here outperforms a number of baselines

and can produce solvable problems multiple different themes, even with no in-domain tuning.

4.1 Problem Formulation

My system takes as input a story s and a theme ¢, and outputs the best rewrite s* from generated
candidates S.

A theme ¢ is defined as a textual corpus that describes a topic or a domain. Here, I use a flexible
notion of a theme and allow a variety of text to serve as unique themes. For example, a theme can
be the collection of all Science Fiction stories from the Project Gutenberg, or the movie script for a
single horror movie, or a collection of fan fiction from the Internet.

The generated candidate s* is the most thematically fit problem that is syntactically and seman-
tically coherent given the original problem s and the new theme ¢. I represent a story in terms of the

words it contains, so that s = {wy, ws, ... w,} and |s| = n. The new story s’ is defined as:

s' = {f(w), f(wz), ... fwn)}

where the function f(w) : V, — VX U @, rewrites a word from the vocabulary of the original
problem V), to either a word, a trivial noun compound of length K (e.g., multi-word named entity)
from the vocabulary of the the thematic vocabulary V,, or reduces to the empty symbol, i.e., omits

the input word entirely; hence the length of s’ can differ from that of the original problem.

My method could also be viewed as constructing templates on-the-fly from each original text.
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Semantic relations Syntactic relations

Original (s) P~ i —~ "
Sam ha@s. Each had 3 puppies.
Semy,,(s’|s)
Candidates (s")
NN Y
Luke Skywalker had 2 ships. Each had 3 droids.
Th(s’1t) *T Semp,;(s’1s) i

Syn(s’ls)

Figure 4.2: An overview of my method for scoring a candidate story s’ given a human-authored story s and a
theme ¢. Syn(s’|s): compatiblity of syntactic relations (purple arrows), Sem,q,(s'|s): coherence of semantic
relations (blue arrows), Semy,..(s'|s): semantic mapping of individual words, and T'h(s'|s, t): thematicity.

Formally, my goal is to select the candidate s’ € S by maximizing a scoring function R over

thematic, syntactic and semantic constraints, subject to a set of parameters 6:

§* = argma;cR(s’\s,t;G) 4.1)
s'e

In order to find the best story s*, my problem reduces to generating candidate stories s’ from the
space of possible rewrites of the human-authored story s in a new theme ¢ (Section[4.3). Since there
are exponentially many rewrites, I follow a greedy two-stage decoding approach: first I identify
only the content words w; in the input problem, and provide for each a list of the top-k most salient
thematic candidate words, and trivial noun compounds. I then search the space by progressively
introducing more rewrites in the beam, and scoring them according to R (Section4.2). Figure 4.2

shows the overview of the scoring function for a candidate sentence s’.
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4.2 Scoring Stories

The scoring function R decomposes into three components, capturing aspects of syntactic compati-

bility, semantic coherence, and thematicity:

R(s'|s,t;0) =a x Sem(s'|s)
+ B x Syn(s|s) (4.2)

+ x Th(s'|s, t)

The syntactic (Syn) and semantic (Sem) coherence components measure the coherence of the words
in the new story s’, as well as their compatibility to the syntactic and semantic relations in the
original story s. On the other hand, thematicity (Th) scores the relevance and importance of words

in the new story with respect to theme .

I describe each of these components and the decoding process in the following sections.

4.2.1 Thematicity

Recall that a theme ¢ is defined as a collection of documents that share a common topic, such as
books in the science fiction genre, or scripts of horror movies. I define thematicity of a word wﬁ as
the measure of salience, or how discriminative that word is to a given theme. For example, robot
and spaceship are expected to be highly thematic with respect to Star Wars. In my setting I extend

this definition to a candidate problem s’ given s and ¢ as:

s
Th(s'|s,t) = Y Sal(w],t) (4.3)

3T will be interchangeably referring to w’ as either the word or the head of the multi-word noun compound that
rewrites the equivalent word w in the original problem.
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where w) is a word from the candidate problem, and Sal is its salience score with respect to
the theme. In the context of this work I argue that the thematic adaptation of the content words,
i.e., nouns, verbs, named entities, and adjectives, plays the most important role in forming a new
thematic problem. Therefore, I define their salience (except named entities) based on their tf-idf
score over the theme ¢, and set it to zero for function words as defined by an online resource
[SequencePublishing, 2016]]. Since thematically central named entities can have low tf-idf (e.g.
‘Luke Skywalker’ is often referred to as ‘Luke’), I set their salience to 1 — C(Lw;), where c(w)) is the
number of times w; occurs in the theme. In the example story in Figure 4.2|the thematicity score is

derived as Sal(Luke Skywalker) + Sal(ships) + Sal(droids).

4.2.2 Syntactic compatibility

This work offers a new method for syntactic and discourse coherence based on preserving human-
authored syntactic structure in generated text (hence my use of the term rewriting). The syntactic
constructs in a document play a distinctive role in maintaining a cohesive discourse narrative across
sentences. I consider the human-authored syntax of the original story s as gold standard, and use it
to score a candidate problem s’ by considering how well the syntactic relations of s apply to s'.
Formally, given a dependency triple (w;, w;, () from a parse of a sentence in s, I compute the
likelihood for the corresponding triple (w;, wj, 1) for wj, w’; in s'. I define the syntactic score for all

sentences in s’ as:

Syn(s'|s) = Z L pep(wi, w, 1) 4.4)

6,05l (wi wy 1) €Dep(s)
where Dep(s) are the dependency parse treesﬂ for all sentences in s; Lp,, is a 3-gram language
model, over dependency triples, i.e., corresponds to the likelihood of an arc label [ being used
between a pair of words (wj,w}). For example in Figure the syntactic compatiblity score

includes dependency likelihoods of £ p.,(ship, 2, num), £p.,(had, ship, dobj).

“as provided by Manning et al.[[2014]
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Therefore, the Syn function prefers stories s’ that (a) have similar dependency structure to the

original story s and (b) make use of a common syntactic configuration.

4.2.3 Semantic Coherence

The semantic coherence component expresses how well a candidate s’ rewrites individual words
and realizes the semantic relationships that exist in the human-authored story s. Ideally, I would like
to preserve enough of the semantics of s in order to produce a coherent story s’, yet I am populating
s’ with words taken from an unrelated theme. Therefore, I model the semantics of a story s’ in
terms of the lexical semantics contributed by individual words as well as semantic relationships that
exist between its elements. Note that the relationships can cross the sentence boundaries, promoting
discourse coherence.

I decompose semantic relations in a story into a set of local, lexical relationships between
pairs of words. More specifically, I consider semantic relations for noun-noun and verb-verb pairs
as provided by WordNet [Miller, 1995]]. Since some relations are not directly outlined in these
resources (e.g., the selectional preferences of nouns with regard to their adjectival modifiers), I also
consider the word-embedding similarity between words. For example in Figure 4.2 the semantic
relationships are denoted with blue arrows between pairs of content words in the story (e.g., {Sam,
dogs}, {dogs, puppies}, etc).

More formally, I define the semantic coherence of s’ with respect to s as:

|s'|
Sem(s']s) = 3 Sem e (i, w)) )

-+ Z SemPair({wiij}7{w§’w;})

i,jECW

where C'WW is the set of pairs of indices of content words (nouns, verbs, adjectives, and named

entities) from s. I focus on the content words of the original problem, as they carry most of the
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semantic information. Semy., and Semp,;, functions are semantic adaptation scores for individual

words and semantic relations respectively, described below.

Semantic Compatibility between words (Semy., ) is defined as:
Semy . (w;, w;) = cos(w;, w;) + Resnik(w;, w;) (4.6)

where cos(w;, w;) denotes the cosine similarity between the vector space embeddings of two words
w; and wﬂ and Resnik(w;,w;) expresses the information content of the lowest subsumer of
{w;,w}} in WordNet. For example in Figure the semantic compatibility score incorporates

lexical similarities Sem., (dog, ship), etc.

Compatibility score between semantic relations (Semp,;,) is defined by adding two components:
PairSim and Analogy that compute how semantic relations between pairs of words are preserved

in the new story:

PairSim = cos(w;, w;) * cos(w;, w}) 4.7)

Analogy = cos(w; 4+ w; — w;, w}) (4.8)

PairSim preserves the similarity between pairs of words {w;, w;} in s and the corresponding pair
{wj, w}} in the new story s'. Intuitively, if w; and w; are semantically close to each other, I would
like the corresponding words to be close in the new story as well. For example in Figure ‘dog’
and ‘puppy’ are similar in the original story, I expect the corresponding words ‘ship’ and ‘droid’ to
be similar in the new story. The Analogy function, inspired by Mikolov et al.| [2013]], computes the
analogy of w’ from w; given the relationship that holds between w; and w; in the vector space. For

example in Figure .2} the relation between ‘Sam’ to ‘dog’ is similar to the relation between ‘Luke

Skywalker’ to ‘ship’.

SFor the ease of notation, I represent the embedding of the words with w; as well.
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4.3 Decoding

My decoding process begins by first identifying the content words w; (nouns, verbs, adjectives
and named entities as provided by Manning et al. [2014]]) in the original problem s that will be
considered as initial points for rewriting. For each of these lexical classes I extract the top-k£ most
thematic words and trivial noun compounds from the theme ¢. For example, in Figure 4.2} candidate
nouns are: ‘ships’, ‘robots’, ‘droids’, etc., and for verbs: ‘blast’, ‘soar’, ‘command’, etc. Recall
that the space of candidate rewrites is large, prohibiting an exhaustive enumeration. I therefore
perform greedy search with a beam, by considering simultaneously all possible paths that start
at the different initial points. At each step the decoder considers an additional rewrite from the
list of candidates, adds it to the existing hypothesis path, and scores it according to function R
(Equation 4.2)).

All the counterpart scores are locally optimal, as they factor over each new word w, or pair of
{wj, w}}, where w’; is a rewrite already existing in the hypothesis path. At any given step I may
recombine hypotheses that share the same prefix hypothesis path, and keep the top scoring one. The
process terminates when there are no more rewrites left. I also experimented decoding with a variety
of orderings of the text in the original problem s, including left-to-right, and head-first following
the dependency tree of each sentence and then concatenating these linearizations; I observed that

considering multiple paths achieves the best performance.

4.4 Data Collection

For the set of human-authored stories { s}, I use a corpus of math word problems described in Koncel+
Kedziorski et al.|[2016b]]. This dataset extends the SINGLEEQ dataset described in Chapter It
consists of 3,221 math word problems with equation annotations and amalgamates several popular
datasets used in previous works. I select a random subset of the problems targeting Sth and 6th grade

levels which involve a single equation in one variable, totalling 150 problems. These problems
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have 2.7 sentences and 29.4 words on average, 12.6 of which are considered content words by my

system.

In order to tune and evaluate my model, I then collect a corpus of human-authored rewrites
produced by workers from Amazon Mechanical Turk, based on two themes, i.e., Star Wars, and
Children’s Cartoon. I experimented with different ways of helping to define the theme for the
crowd workers, including offering automatically generated word clouds or enforcing that a response
includes one of several keywords. In practice, I have found that using specific cultural elements as
themes (such as famous movie or cartoon franchises) attracts workers who already have a strong

knowledge of the theme, resulting in higher quality work.

To help explain the rewriting process, I show workers three examples of thematic rewrites with
varying degrees of correlation to the original problems. I then show workers a random problem
from the original set {s} and a corresponding equation for that problem. I instruct the workers to
“rewrite” the problem according to the theme, ensuring that their rewritten problem can be solved by

the provided equation.

I first collected Star Wars themed rewrites from workers with the “master” designation and at
least 95% approval rating to ensure quality responses. This dataset, SWDEV , is used primarily for
parameter tuning. I then manually identified high-performing workers by examining these rewrites
and asked them if they wanted to complete more tasks. The SWTEST and CARTOON datasets, used
for testing only, were written by this subset of high-performing authors of SWDEV who self-identify
as theme experts. Each of SWDEV , SWTEST , and CARTOON consist of 3 rewrites for each of 50
non-overlapping original problems. The final dataset collection comprises of 450 human-authored

rewrites.
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4.5 Experiments

4.5.1 Setup

Implementation Details I pre-process the themes using the Stanford CoreNLP tools [Man+
ning et al., 2014]] for tokenization, Named Entity Recognition [Finkel et al., 2005]], POS tagging
[Toutanova et al., 2003]], and dependency parsing [Chen and Manning, 2014]]. For calculating
salience scores, I use the ScriptBase dataset of movie scripts [Gorinski and Lapata, [2015[]. The Star
Wars theme is constructed from the ScriptBase version of ‘Star Wars Episode IV’ script, roughly
7300 words. The Cartoon theme is constructed from fan-authored scripts of the first 10 episodes of
the show [Springfield, 2016] totalling 1370 words. To filter potentially offensive content, I prohibit
the use of words and phrases from a list of offensive terms published by The Racial Slur database
[Racial Slur Database, |2016]] and FrontGate Media [Media, 2016]]. To prohibit overgeneration, I
prohibit the transformation of 1000 very common words, function words [SequencePublishing,

2016|], or math-specific words [Survivors, |2013; Koncel-Kedziorski et al., 2015]@

For syntactic compatiblity score Syn (Equation I use the English Fiction subset of the
Google Syntactic N-grams corpus [Goldberg and Orwant, [2013]] and train a 3-gram language model
using KenLM [Heafield, 2011]]. For Semy,.,, PairSim and Analogy (Equations I use the
pretrained word embeddings of Levy and Goldberg [2014]. These embeddings are trained using
dependency contexts rather than windows of adjacent words, allowing them to capture functional
word similarity. Finally, I tune the parameters of my model (Equation 4.2)) on the development
set SWDEV and pick those Value{] that maximize METEOR score [Denkowski and Lavie,, 2014

against 3 human references.

®The prohibited word lists are available at https://gitlab.cs.washington.edu/kedzior/
Rewriter/tree/master/data
MTseta=0.1,=0.1landy =1
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Model | SWDEV | SWTEST | CARTOON
FULL 31.82 29.16 32.08
-SEM 28.72 25.55 27.55
-SYN 31.92 29.14 32.04

Table 4.1: METEOR results for different configuration of my model on SWDEV, SWTEST and
CARTOON datasets.

Evaluation [ compare two ablated configurations of my method against my full model (FULL):
-SYN that only uses semantic and thematicity components and does not incorporate the syntactic
compatibility score, -SEM replaces the semantic coherence score with the simpler cos(w;, w}),
effectively rewriting only single words, and not pairs. I refrained from ablating the thematicity score
as it is the core part of my model that drives the rewriting process into a new theme.

I evaluate my method using an automatic metric, and via eliciting human judgments on Amazon
Mechanical Turk. For automatic evaluation, I compute the METEOR score, comparing the output
of each model for a given problem and theme to the 3 human rewrites I collected, on SWDEV,
SWTEST and CARTOON. METEOR is a recall-oriented metric, widely used in the MT community,
which includes stemming, synonyms, and paraphrase matching in its scores

For human evaluation, I first conduct two pairwise comparison tests, pairing FULL against a
human rewrite (HUMAN), and FULL against -SYN. Participants were given a short description of
the theme, and the output of each system. For each test I asked 50 subjects to select which problem
they preferred over 10 pairs of outputs; I obtained a total of 50 (5x10) responses for SWTEST and
CARTOON.

In order to understand more fine-grained properties of the generated stories, I conduct a detailed
human evaluation. I present 8 participants with the output of the three automatic systems, human
rewrites (HUMAN), and a theme. The participants were asked to rate the stories across three
dimensions: coherence (how coherent is the text of the problem?), solvability (can elementary

school students solve it?), and thematicity (how well does the problem express them?) on a scale

8The average METEOR score comparing 1 annotator against the other 2 is 0.26, indicating that there are diverse
correct strategies for solving the rewriting problem.
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Model SWTEST | CARTOON
FULL 65.0 57.9
-SYN 35.0 42.1
FULL 17.9 10.0
HuMAN 82.1 90.0

Table 4.2: Human evaluation results on pairwise comparisons between FULL and -SYN, and FULL and
HUMAN, on SWTEST and CARTOON datasets.

Model | Thematicity | Coherence |Solvability
HUMAN 3.7 3.175 4.025
FULL 3.7 3.025 3.9
-SYN 3.375 3.075 3.825
-SEM 3.325 2.65 3.7

Table 4.3: Human evaluation results for FULL, -SYN, -SEMand HUMAN on thematicity, coherence and
solvability on SWTEST.

from 1 to 5. I collected ratings over 16 outputs from SWTEST. Quality assurance questions were
included to prevent random guessing, and responses which did not correctly answer these questions

were disregarded, resulting in 128 responses.

4.5.2 Results

Table [.1) reports METEOR; I notice that removing the semantic coherence scores in -SEM hurts the
performance compared to FULL; this confirms my claim that semantic compatibility is crucial for
building coherent stories. On the other hand, -SYN performs similarly to FULL. Closer inspection of
the -SYN system’s output reveals a greater diversity in thematic elements, as a result of the relaxed
syntactic compatibility constraints. Hence it is more likely to have greater overlap with any of the
reference rewrites, and rewarding it more positively.

I investigate this by performing a pairwise comparison between FULL and -SYN (Table §.2));
I observe that human subjects consistently prefer the output of FULL instead of -SYN both for
SWTEST and CARTOON. Table 4.2| also reports that HUMAN outperforms the output of the FULL

model. Table [21;’5] shows the results of the detailed comparison of Thematicity, Coherence, and
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Star Wars
s1. Wendy bought 4 new chairs and 4 new tables for her house. If she spent 6 minutes on each piece
furniture putting it together, how may minutes did it take her to finish?

s}. Leia bought 4 new ships and 4 new guns for her room. If she spent 6 minutes on each wasteland
weapon putting it together, how many minutes did it take her to terminate?

s2. My car gets 20 miles per gallon of gas. How many miles can I drive on 5 gallons of gas?

sh. My cruiser gets 20 miles per gallon of light. How many miles can I drive on 5 gallons of light?

s3.Tyler had 15 dogs. Each dog had 5 puppies. How many puppies does Tyler now have?

s5. Biggs had 15 creatures. Each creature had 5 creatures. How many creatures does Biggs now have?

Table 4.4: Examples of the original stories s; and rewritten math word problems s/ in Star War theme.

Solvability. This table clearly shows the strong contribution of the semantic component of my
system. The specific contribution of the syntactic component is to produce overall more solvable
and thematically satisfying problems, although it can slightly affect coherence especially when
automatic parses fail. Finally, the overall high ratings for human-authored stories across all three

dimensions confirm the high quality of the crowd-sourced stories.

4.5.3 Qualitative Examples

Table {.4H4.6| shows some problems generated by my method. Recall that since my system needs
no annotated thematic training data, I can easily generate from any theme where thematic text is
available. To demonstrate this fact, I include generated examples in a Western theme from novels
from the Project Gutenberg corpus. Many of the results of my system are very legible, with only
minor agreement errors. Coherent, thematic semantic relations are evident in problems such as
s}, where ships, guns, and weapons combine to effect the Star Wars theme; this is also evident
in s%, where people with western sounding names like Kurt and Madeline trade in cigarettes, an
old-fashioned pre-cursor to e-cigarettes.

In some cases, semantic inconsistencies result in weird sounding problems, such as in s; where

the main character receives “wheat of grub”. My model still scores this candidate highly due to the
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Cartoon
s7. Dave was helping the cafeteria workers pick up lunch trays, but he could only carry 9 trays at a time. If
he had to pick up 17 trays from one table and 55 trays from another, how many trips will he make?

s%. Finn was helping the cupboard men pick up candy bottles, but he could only carry 9 bottles at a time.
If he had to pick up 17 bottles from one ring and 55 bottles from another, how many swords will he make?

ss. If books came from all the 4 continents that Bryan had been into and he collected 122 books per
continent, how many books does he have from all 4 continents combined?

Finn had been into and he collected 122 dances per mountain, how many dances does he have from all 4
mountains combined?

S9. A bucket contains 3 gallons of water. If Derek adds 6.8 gallons more, how many gallons will there be
in all?

sq. A bottle makes 3 gallons of serum. If Finn adds 6.8 gallons more, how many gallons will there be in
all?

Table 4.5: Examples of the original stories s; and rewritten math word problems s/, in Cartoon theme.

strong semantic connection between “wheat” and “graze”.

Semantic incoherence is less of a problem in the cartoon theme, where absurd interactions
between characters are expected. However, a difficulty for my system is demonstrated in s%,, where
the physical entity “swords” is substituted for the nominalization of an event “trips”. A semantic
coherence component which could identify the cardinality of the set quantified by ‘each’ could

resolve such issues.

4.6 Conclusion

I formalized the problem of story rewriting as automatically changing the theme of a text without
altering the underlying story and developed an approach for rewriting algebra word problems, where
the rewriting model optimized for a number of measures of overall text coherence. Experiments
on a newly gathered dataset demonstrated my model can produce on theme texts that are usually
solvable.

In future work, I plan to improve the thematicity and solvability components by incorporating
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Western
s4. Christians father and the senior ranger gathered firewood as they walked towards the lake in the park
and brought with them sacks...

s Christian ’s partner and the lone sheriff harvested barley as they strolled towards the hip in the orchard
and plucked with them bags...

s5. Sally had 27 cards. Dan gave her 41 new cards. Sally bought 20 cards. How many cards does Sally
have now?

s5. Madeline had 27 cigarettes. Kurt gave her 41 new cigarettes. Madeline bought 20 cigarettes. How
many cigarettes does Madeline have now?

sg¢. For Halloween Megan received 11 pieces of candy from neighbors and 5 pieces from her older sister.
If she only ate 8 pieces a day, how long would the candy last her?

sg. For Halloween Madeline received 11 wheat of grub from proprietors and 5 wheat from her nameless
partner. If she only grazed 8 wheat a day, how long would the grub last her?

Table 4.6: Examples of the original stories s; and rewritten math word problems s/, in Western theme.

domain-specific and commonsense knowledge, leveraging information extraction. I also plan to
study rewriting in other domains such as children short stories and extend the model to generate
math word problems directly from equations. Finally, I intend to incorporate the generated problems

in educational technology and tutoring systems.
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Chapter 5

Knowledge Graphs as Document Plans

Chapter 4| described an editing method for generating novel texts, but this method has several
shortcomings. The thematic, syntactic, and semantic constraints interacted only weakly though the
fixed hyperparameters. In many instances the syntactic constraints were too strong; the model’s
inability to revise syntax resulted in ungrammatical outputs. Additionally, the semantic coherence
measures were drawn from unsupervised (word2vec) or unrelated (WordNet) data. None of these
sources consider words in multi-sentence contexts.

The biggest problem with the rewriter model presented above is the reliance on close neighbor
texts that can be edited into the target text. If such a neighbor does not exist (as is often the case
with longer texts), the editing method may not be best. What would be better is a model that can
generate topical multi-sentence texts from scratch.

Recent increases in computing power and model capacity have made it possible to generate
mostly-grammatical sentence-length strings of natural language text[] However, generating several
sentences related to a topic and which display overall coherence and discourse-relatedness is an
open challenge. The difficulties are compounded in domains of interest such as scientific writing.

Here the variety of possible topics is great (e.g. topics as diverse as driving, writing poetry, and

IThe work presented in this chapter was done with Dhanush Bekal, Yi Luan, Mirella Lapata, and Hannaneh
Hajishirzi. It appears as Koncel-Kedziorski et al.{[2019].
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Title: Event Detection with Conditional Random Fields

Abstract

We present a CRF Model
for Event Detection. :
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Figure 5.1: A scientific text showing the annotations of an information extraction system and the
corresponding graphical representation. Coreference annotations shown in color. My model learns
to generate texts from automatically extracted knowledge using a graph encoder decoder setup.

picking stocks are all referenced in one subfield of one scientific discipline). Additionally, there are
strong constraints on document structure, as scientific communication requires carefully ordered

explanations of processes and phenomena.

Many researchers have sought to address these issues by working with structured inputs. Data-
to-text generation models [Konstas and Lapatal 2013} [Lebret et al., [2016; Wiseman et al., [2017;
Puduppully et al., 2019] condition text generation on table-structured inputs. Tabular input represen-
tations provide more guidance for producing longer texts, but are only available for limited domains

as they are assembled at great expense by manual annotation processes.

The current work explores the possibility of using information extraction (IE) systems to
automatically provide context for generating longer texts (Figure [5.1). Robust IE systems are
available and have support over a large variety of textual domains, and often provide rich annotations
of relationships that extend beyond the scope of a single sentence. But due to their automatic nature,
they also introduce challenges for generation such as erroneous annotations, structural variety,

and significant abstraction of surface textual features (such as grammatical relations or predicate-

72



argument structure).

To effect my study, I use a collection of abstracts from a corpus of scientific articles [Ammar
et al., | 2018]]. I extract entity, coreference, and relation annotations for each abstract with a state-
of-the-art information extraction system [Luan et al., |2018], and represent the annotations as a
knowledge graph which collapses co-referential entities. An example of a text and graph are shown
in Figure[5.1] T use these graph/text pairs to train a novel attention-based encoder-decoder model for
knowledge-graph-to-text generation. My model, GraphWriter, extends the successful Transformer
for text encoding [[Vaswani et al., 2017] to graph-structured inputs, building on the recent Graph
Attention Network architecture [[VeliCkovic et al.,[2018]. The result is a powerful, general model for
graph encoding which can incorporate global structural information when contextualizing vertices

in their local neighborhoods.

The main contributions of this work include:

1. I propose a new graph transformer encoder that applies the successful sequence transformer

to graph structured inputs.

2. I show how IE output can be formed as a connected unlabeled graph for use in attention-based

encoders.

3. I provide a large dataset of knowledge-graphs paired with scientific texts for further study.

Through detailed automatic and human evaluations, I demonstrate that automatically extracted
knowledge can be used for multi-sentence text generation. I further show that structuring and
encoding this knowledge as a graph leads to improved generation performance compared to other
encoder-decoder setups. Finally, I show that GraphWriter’s transformer-style encoder is more

effective than Graph Attention Networks on the knowledge-graph-to-text task.

73



Title Abstract KG

Vocab 29K 77K 54K
Tokens 413K 5.8M 1.2M
Entities - - 518K
Avg Length 9.9 141.2 -
Avg #Vertices - - 12.42
Avg #Edges - - 4.43

Table 5.1: Data statistics of my AGENDA dataset. Averages are computed per instance.

5.1 The AGENDA Dataset

I consider the problem of generating a text from automatically extracted information (knowledge). 1IE
systems can produce high quality knowledge for a variety of domains, synthesizing information from
across sentence and even document boundaries. Generating coherent text from knowledge requires
a model which considers global characteristics of the knowledge as well as local characteristics
of each entity. This feature of the task motivates my use of graphs for representing knowledge,
where neighborhoods localize important information and paths through the graph build connections
between distant nodes through intermediate ones. An example knowledge graph can be seen in
Figure

I formulate my problem as follows: given the title of a scientific article and a knowledge graph
constructed by an automatic information extraction system, the goal is to generate an abstract that
a) 1s appropriate for the given title and b) expresses the content of the knowledge graph in natural
language text. To evaluate how well a model accomplishes this goal, I introduce the Abstract
GENeration DAtaset (AGENDA), a dataset of knowledge graphs paired with scientific abstracts.
My dataset consists of 40k paper titles and abstracts from the Semantic Scholar Corpus taken from
the proceedings of 12 top Al conferences [Ammar et al., 2018]].

For each abstract, I create a knowledge graph in two steps. First, I apply the ScilE system of
Luan et al.| [2018], a state-of-the-art science-domain information extraction system. This system

provides named entity recognition for scientific terms, with entity types Task, Method, Metric,

74



Material, or Other Scientific Term. The model also produces co-reference annotations as well as
seven other relations that can obtain between entities (Compare, Used-for, Feature-of, Hyponym-of,

Evaluate-for, and Conjunction).

I then form these annotations into knowledge graphs. I collapse co-referential entities into a
single node associated with the longest mention (on the assumption that these will be the most
informative). I then connect nodes to one another using the relation annotations, treating these as
labeled edges in the graph. The result is a possibly unconnected graph representation of the ScilE

annotations for a given abstract.

Statistics of the AGENDA dataset and comparison to related text generation datasets is available
in Table [5.1] I split the AGENDA dataset into 38,720 training datapoints, with 1k each used for

validation and test. I offer standardized data splits to facilitate comparison.

5.2 Model

Following most work on neural generation I adopt an encoder-decoder architecture, shown in
Figure [5.2] which I call GraphWriter. The input to GraphWriter is a title and a knowledge graph
which are encoded respectively with a bidirectional recurrent neural network and a novel Graph
Transformer architecture (to be discussed in Section[5.2.1). At each decoder time step, I attend on
encodings of the knowledge graph and document title using the decoder hidden state h, € R?. The
resulting vectors are used to select output w; either from the decoder’s vocabulary or by copying an
entity from the knowledge graph. Details of my decoding process are described in Section[5.2.2]
The model is trained end-to-end to minimize the negative log likelihood of the mixed copy and

vocabulary probability distribution and the human authored text.
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Figure 5.2: GraphWriter Model Overview
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5.2.1 Encoding

The AGENDA dataset contains a knowledge graph for each datapoint, but the attention-based graph
encoders we use here operate over unlabeled graphs. I convert each graph to an equivalent unlabeled
bipartite graph following a similar procedure to |[Beck et al. [2018]]. The details are described in
Section @ and sketched in Figure @ The final result of these conversions is a connected,
unlabeled graph G = (V, E'), where V' is a list of entities, relations, and a global node and £ is an

adjacency matrix describing the edges.

Graph Transformer Encoder My model is most similar to the Graph Attention Network (GAT)
of Velickovic¢ et al.| [2018]], which computes the hidden representations of each node in a graph by
attending over its neighbors following a self-attention strategy. The use of self-attention in GAT
addresses the shortcomings of prior methods based on graph convolutions [Defferrard et al.,|2016;
Kipt and Welling, 2017], but limits vertex updates to information from adjacent nodes. My model
allows for a more global contextualization of each vertex through the use of a transformer-style
architecture. The recently proposed Transformer [Vaswani et al., 2017] addresses the inherent
sequential computation shortcoming of recurrent neural networks, enabling efficient and paralleled
computation by invoking a self-attention mechanism for global context modeling. These models
have shown promising results in a variety of text processing tasks [Radford et al.,[2018]].

My Graph Transformer encoder starts with self-attention of local neighborhoods of vertices;
the key difference with GAT is that my model includes additional mechanisms for capturing global
context. This additional modeling power allows the Graph Transformer to better articulate how a
vertex should be updated given the content of its neighbors, as well as to learn global patterns of
graph structure relevant to the model’s objective.

Specifically, V' is embedded in a dense continuous space by the embedding process described
at the end of this section, resulting in matrix V° = [v;], v; € R? which will serve as input to the

graph transformer model shown in Figure[5.3] Each vertex representation v; is contextualized by
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attending over the other vertices to which v; is connected in GG. I use an N-headed self attention

setup, where NV independent attentions are calculated and concatenated before a residual connection

is applied:
N
Vo= vit+ || DD an Wi, (5.1)
n=1jeN;
aiy = a"(vi,vy) (5.2)

Here, || denotes the concatenation of the N attention heads, ; denotes the neighborhood of v; in G,
W7 € R4, and where a" are attention mechanisms parameterized per head. In this work, I use

attention functions of the following form:

exp((Wkk;)"Woq;)

iak' =
a(q J) ZzEMGXp((WKkz>TWqu>

(5.3)

Each a learns independent transformations W, Wy € R%*4 of q and k respectively, and the
resulting product is normalized across all connected edges. To reduce the tendency of these dot

products to impede gradient flow, I scale them by \/LE’ following |Vaswani et al. [2017].

The Graph Transformer then augments these multi-headed attention layers with block networks.

Each block applies the following transformations:

v; = LayerNorm(v; + LayerNorm(V;)) (5.4)

vi = FFN(LayerNorm(¥;)) (5.5)

Where FEN(x) is a two layer feedforward network with a non-linear transformation f between

layers i.e. f(xWy + b1)Wy + bs.

Stacking multiple blocks allows information to propagate through the graph. Blocks are stacked

L times, with the output of layer [ — 1 taken as the input to layer [, so that v = {,271_ The resulting
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vertex encodings VI = [v%] represent entities, relations, and the global node contextualized by
their relationships in the graph structure. I refer to the resulting encodings as graph contextualized

vertex encodings.

Embedding Vertices, Encoding Title As stated above, the vertices of my graph correspond to
entities and relations from the ScilE annotations. Because each relation is represented as both a
forward- and backward-looking vertex, I learn two embeddings per relation as well as an initial
embedding for the global node. Entities correspond to scientific terms which are often multi-word
expressions. To produce a single d-dimensional embedding per phrase, I use the last hidden state of
a bidirectional RNN run over embeddings of each word in the entity phrase, i.e. BIRNN(x; . .. x,,)
for dense embeddings x and phrase length m. The output of my embedding step is a collection V°
of d-dimensional vectors representing each vertex in V.

The title input is also a short string, and so I encode it with another BiIRNN to produce

T = BiRNN(z] ...z ,) for title word embedding x'.

5.2.2 Decoding

I decode with attention-based decoder with a copy mechanism for copying input from the knowledge
graph and title. At each decoding timestep ¢ I use decoder hidden state h, to compute context
vectors ¢, and c, for the graph and title sequence respectively. ¢, is computed using multi-headed

attention contextualized by h;:

N

c, = h+ || ZQ?WZVL]‘ (5.6)
n=1jeVv

a; = a(ht,vLj) (5.7)

for a as described in Equationby attending over the graph contextualized encodings V7. c, is

computed similarly, attending over the title encoding T'. I then construct the final context vector by
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concatenation, ¢; = [c,|cs]. I use an input-feeding decoder [Luong et al., 2015] where both h; and

c,; are passed as input to the next RNN timestep.

I compute the probability p of copying from the input using h; and

p= U(Wwpy [hy|lc.] + bcozw) (5.8)

The final next-token probability distribution is:

p* a4 (1 — p) * a”e, (5.9)

copy  __

Where the probability distribution a“?Y over entities and input tokens is computed as o} =

vocab

a([h||ci], x;) for x; € V|| T. The remaining 1 — p probability is given to a’°**’, which is calculated

by scaling [h||c;] to the vocabulary size and taking a softmax.

5.2.3 Graph Preparation

Here I describe the details of the graph preparation step which converts each graph to an equivalent
unlabeled connected bipartite graphs following a similar procedure to |Beck et al. [2018]. In this
process, each labeled edge is replaced with two vertices: one representing the forward direction
of the relation and one representing the reverse. These new vertices are then connected to the
entity vertices so that the directionality of the former edge is maintained. The result is an unlabeled
directed graph where all vertices correspond to entities and relations in the ScilE annotations. To
promote information flow between disconnected parts of the graph, I add a global vertex which
connects all entity vertices. It will be used to initialize the decoder, analogously to the final encoder

hidden state in a traditional sequence to sequence model.
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Figure 5.4: Converting disconnected labeled graph to connected unlabeled graph for use in attention-
based encoder. v; refer to vertices, R;; to relations, and G is a global context node.

5.3 Experiments

Evaluation Metrics [ evaluate using a combination of human and automatic evaluations. For
human evaluation, participants were asked to compare abstracts generated by various models and
those written by the authors of the scientific articles. I used Best-Worst Scaling (BWS; [Louviere and
Woodworth, [1991; [Louviere et al.,20135]), a less labor-intensive alternative to paired comparisons
that has been shown to produce more reliable results than rating scales [Kiritchenko and Mohammad,
2016]. Participants were presented with two or three abstracts and asked to decide which one was
better and which one was worse in order of grammar and fluency (is the abstract written in well-
formed English?), coherence (does the abstract have an introduction, state the problem or task,
describe a solution, and discuss evaluations or results?), and informativeness (does the abstract
relate to the provided title and make use of appropriate scientific terms?). I provided examples
of good and bad abstracts and explain how they succeed or fail to meet the defined criteria. An
example of my solicitation materials can be found in the appendix to this work.

Because my dataset is scientific in nature, evaluations must be done by experts and I can only
collect a limited number of these high quality datapointsE] The study was conducted by 15 experts

(i.e. computer science students) who were familiar with the abstract writing task and the content

2 Attempts to crowd source this evaluation failed.
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of the abstracts they judged. To supplement this, I also provide automatic metrics. I use BLEU
[Papineni et al.l 2002], an n-gram overlap measure popular in text generation tasks as well as
machine translation tasks, and METEOR [Denkowski and Lavie, 2014, a similar metric with

paraphrase and language-specific considerations.

Comparisons [ compare my GraphWriter against several strong baselines. In GAT, I reduce the
block structure of the encoder to just graph attention with PReLLU activations between layers. To
determine the usefulness of including graph relations, I compare to a model which uses only entities
and title (EntityWriter). Finally, I compare against a model which uses only title information, the

gated rewriter model from the codebase published by Wang et al.| [2018] (Rewriter)E]

Implementation Details My models are trained end-to-end to minimize the negative joint log
likelihood of the target text vocabulary and the copied entity indices. I use SGD optimization with
momentum [[Qian, [1999] and “warm restarts”, a cyclical regiment that reduces the learning rate
from 0.25 to 0.05 over the course of 5 epochs, then resets for the following epoch. Models are
trained for 15 epochs with early stopping [Prechelt, |1998]] based on the validation loss, with most
models stopping between 8 and 13 epochs. I use single-layer LSTMs [Hochreiter and Schmidhuber,
1997] as recurrent networks. I use dropout [Srivastava et al., [2014] in self attention layers set to
0.3. Hidden states and embedding dimensions are fixed at 500 and attentions learn 500 dimensional
projections. In Block layers, the feedforward network has an intermediate size of 2000, and I use a
PReLU activation function [He et al., 2015]]. GraphWriter and GAT use L = 6 layers. The number
of attention heads is set to 4. In all models, for both inputs and output, I replace words occurring
fewer than 5 times with <unk> tokensf_f] In each abstract, I replace all mentions in a coreference

chain in the abstract with the canonical mention used in the graph. I decode with beam search

3Due to the larger size and greater variety of my dataset and accompanying vocabularies compared to theirs, I was
unable to train this model with the reported batch size of 240. I use batch size 24 instead, which is partially responsible
for the lower performance.

4This threshold is typical in related literature, and was selected so as to result in an output vocabulary between 10k
and 20k words
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BLEU METEOR
GraphWriter 14.3 £1.01 18.8 £ 0.28

GAT 122 +£044 17.24+0.63
EntityWriter 10.38 16.53
Rewriter 1.05 8.38

Table 5.2: Automatic Evaluations of Generation Systems.

[Graves, |2012; Sutskever et al.,|2014]] with a beam size of 4. A post-processing step deletes repeated

sentences and repeated coordinated clauses.

5.3.1 Results

A comparison of all systems in terms of automatic metrics is shown in Table[5.2] My GraphWriter
model outperforms other methods. 1 see that models which leverage title, entities, and relations
(GraphWriter and GAT) outperform models which use less information (EntityWriter and Rewriter).

I see that GraphWriter outperforms GAT across metrics, indicating that the global contextu-
alization provided by GraphWriter improves generation. To verify the performance gap between
GraphWriter and GAT, I report the average automatic metrics for 4 training runs of each model
along with their variances. I see that the variance of the different models is non-overlapping, and in

fact all training runs of GraphWriter outperformed all runs of GAT on these metrics.

Does Knowledge Help? To evaluate the value of knowledge in the generation task I compare my
GraphWriter model to a model which does not generate from knowledge. I provide expert annotators
with 50 randomly-selected paper titles from the test set and ask them for a single judgment according
to the criteria described in Section I pair each paper title with the generated abstracts produced
by GraphWriter (a knowledge-informed modes), Rewriter (a knowledge-agnostic model), and the
gold abstract (with canonicalized coreferential mentions, i.e. all mentions in a coreference chain are
replaced with the single longest mention).

Results of this comparison can be seen in Table[5.3] I see that GraphWriter is selected as “Best”
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Best Worst
Rewriter (No knowledge) 6 32
GraphWriter (Knowledge) 12 18
Human Authored 32 0

Table 5.3: Does knowledge improve generation? Human evaluations of best and worst abstract.

Win Lose Tie

Structure 63% 17% 20%
Informativeness 43% 23% 33%
Grammar 63% 23% 13%
Overall 63% 17% 20%

Table 5.4: Human Judgments of GraphWriter and Entity Writer models.

more often than Rewriter, and is less often selected as “Worst”, attesting to the value of including
knowledge in the text generation process. I see that sometimes generated texts are preferred to
human authored text, which is due in part to the disfluencies introduced by canonicalization of
entity mentions.

To further understand the advantages of using knowledge graphs, I provide a more detailed
comparison of the GraphWriter and EntityWriter models. I select 30 additional test datapoints and
ask experts to provide per-criterion judgments of the outputs of the two systems. Since both models
make use of extracted entities, I show this list along with the title for each datapoint, and modify
the description of Informativeness to include “making use of the provided entities”. Results of this
evaluation are shown in Table Here I see that including structured knowledge in the form of
a graph improves abstract generation compared to generating from an unstructured collection of
entities. The largest gains are made in terms of document structure and grammar, indicating that the

structure of the input knowledge is being translated into the surface form.

Generating from Title The Rewriter model [Wang et al., 2018] considers the task of generating
an abstract with only the paper’s title as input. I compare against this model because it is among

the first end-to-end systems to attempt to write scientific abstracts. However, the task setup used in
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Title Block and Group Regularized Sparse Modeling for Dictionary Learning

Knowledge  (dictionary learning, CONJUNCTION, sparse coding) ; (optimization problems, USED-
FOR, dictionary learning) ; (optimization problems, USED-FOR, sparse coding). ..

GraphWriter sparse representations have recently been shown to be effective in many optimization
problems. however, existing dictionary learning methods are limited in the number of
dictionary blocks, which can be expensive to obtain. in this paper, we propose a novel
approach to dictionary learning based on sparse coding ...

GAT in this paper, we consider the problem of dictionary learning in well-known datasets. in
particular, we consider the problem of dictionary learning, where the goal is to find a set of
dictionary blocks that maximize the likelihood of a given set of dictionary blocks ...

EntityWriter we propose a novel dictionary learning framework for reconstructed block/group sparse
coding schemes. the dictionary learning framework is based on the descent, which is a
block structure of the group structure ...

Rewriter this paper presents a new approach to the k-means of the algorithm. the proposed approach
is based on the basis of the stationarity algorithm. the algorithm is based on the fact that
the number of bits is a constant of the base of the base of the input . ..

Gold This paper proposes a dictionary learning framework that combines the proposed
block/group (BGSC) or reconstructed block/group (R-BGSC) sparse coding schemes
with the novel Intra-block Coherence Suppression Dictionary Learning algorithm. An
important and distinguishing feature of the proposed framework is that all dictionary blocks
are trained simultaneously ...

Table 5.5: Example outputs of various systems versus Gold.

Wang et al. [2018] differs significantly from the task introduced in this thesis. In order to make a
fair comparison, I construct a variant of my model which is only provided with a title as input. I
develop a model that predicts entities from the title, and then uses my knowledge-aware model to
generate the abstract. For this comparison I use the EntityWriter model with a collection of entities
inferred from the title alone (InferEntityWriter).

To infer relevant entities, I learn to embed titles and entities extracted from the corresponding
abstract in a shared dense vector space by minimizing their cosine distance. I use negative sampling
to provide definition to this vector space.

At test time, I use the title embedding to infer the KX = 12 closest entities to feed into the
InferEntityWriter model. Results are shown in Table [5.6] which shows that InferEntityWriter
achieves better results than Rewriter, indicating that the intermediate entity prediction step is helpful

in abstract generation.
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BLEU METEOR
Rewriter 1.05 8.38
InferEntityWriter ~ 3.60 12.2

Table 5.6: Comparison of generation without knowledge and with Inferred Knowledge (InferEntity-
Writer)

5.3.2 Analysis

Table [5.5] shows examples of various system outputs for a particular test instance. I see that
GraphWriter makes use of more entities from the input, arranged with more articulated textual
context. It demonstrates less repetition than GAT. Both GraphWriter and GAT show much better
coherence than EntityWriter, which copies entities from the input into unreasonable contexts.
Rewriter, while fluent and grammatical, jumps from topic to topic, failing to relate as strongly to the

input as the knowledge-aware models.

Errors To determine the shortcomings of my model, I calculate rough error statistics over the
outputs of the GraphWriter on the test set. I notice that 40% of entities in the knowledge graphs do
not appear in the generated text. Future work should address this coverage problem, perhaps through
modifications to the inference procedure or a coverage loss modified to the specifics of this task. I
find that 18% of all sentences generated by my model repeat sentences or clauses and are subjected
to the post-processing pruning mentioned in Section While this step is a simple solution to
improve generated outputs, a more advanced solution is required as sometimes information is
repeated in different syntactic configurations. Such syntactic variation is not accounted for by the

simple post-processing step used here.
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5.4 Conclusion

I have studied the problem of generating multi-sentence text from the output of automatic in-
formation extraction systems, and have shown that incorporating knowledge as graphs improves
performance. I introduced GraphWriter, featuring a new attention model for graph encoding, and
demonstrated its utility through human and automatic evaluation compared to strong baselines.
Lastly, I provide a new resource for the generation community, the AGENDA dataset of abstracts
and knowledge. Future work could address the problem of repetition and entity coverage in the

generated texts.
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Chapter 6

Conclusion

In this thesis, I have addressed specific problems in multi-sentence text understanding and generation
with an eye toward providing as general solutions as possible. The solutions I proposed demonstrate
to varying degrees each model’s understanding of a small collection of concepts and their relationship

to a text.

In Chapter 3] I described a model for automatically solving open-world math word problems
using cross-sentence reasoning. Each math word problem is modeled as a semantically-enhanced
equation tree using a novel recursive semantic structure called a gset which records semantic
information about the quantities involved. With this formalism, the model generates a collection of
possible semantically-enhanced equation trees using an integer linear programming approach. By
learning to score local combinations of gsets and the likelihood of a tree based on learned features

and violated ILP constraints, I select the maximum scoring tree to answer each problem.

In Chapter 4, I described the ThemeRewriter method for automatically customizing math word
problems to meet thematic constraints. ThemeRewriter leverages the complex document structure
of human authored text by editing in a globally coherent and syntactically informed way. I show
that ThemeRewriter can be applied to the task of customizing math word problems to fit an arbitrary

theme of student interest. ThemeRewriter identifies the most thematic words and characters from

89



a provided text and uses them to construct a collection of candidate rewrites of a word problem.
Because syntactic and semantic relationships build document coherence and the mathematical
meaning of the text, ThemeRewriter balances its thematic substitutions against the text’s existing
syntactic and semantic relationships. Automatic and human experiments show that ThemeRewriter

produces the best thematic rewrite of the problem while preserving its mathematical intention.

In Chapter [5 I provided the GraphWriter method for generating multi-sentence texts from
knowledge graphs using an innovative neural encoding technique. I show that knowledge graphs
can serve as document plans when generating longer texts. GraphWriter is powered by a novel
graph transforming encoder which extends the recent transformer model for text encoding to graph-
structured inputs. GraphWriter learns to encode the input graph and output text in an end to end
fashion. I also introduce a dataset of 40k knowledge graphs extracted from scientific abstracts for
future researchers use. Human and automatic evaluation shows that GraphWriter is capable of using
the relational knowledge of the input to improve generated text compared to models which cannot

leverage this knowledge.

This work approached two primary research questions: one regarding the combining of local and
global information; and the other on possible pragmatic formalisms. In particular, I sought methods
for combining local and global information when understanding or generating multi-sentence texts.
The techniques of Chapters [3]and ] use mixture models to combine these sources of information.
The GraphWriter model introduced in Chapter [5|uses an attention mechanism to combine the global
graph encoding with the local decoder context. Both mixture models and attention mechanisms

have proved to be successful at combining local and global information in these tasks.

I was also interested to know how we can represent the pragmatic meaning of a text. In this
thesis I explored three options: equation trees, which can aid in understanding existing math word
problems; syntactic scaffolding, which can allow us to generate novel thematic math problems; and
knowledge graphs, from which we can generate longer scientific abstracts. I believe that knowledge

graphs are sufficiently general to be used in a variety of text understanding and generation scenarios.
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Future Work There are several ways to build on the work outlined here. The graph transforming
encoder introduced in Chapter [5| could be applied to other graph encoding tasks, such as knowl-
edge base completion [Toutanova et al., 2015]]. More ambitious would be producing pretrained
embeddings of named entities from a large knowledge graph. The graph transformer model could
be trained on a large graph such as Freebase [Bollacker et al., 2008]] to predict masked neighbor
nodes, similar to the training objective of the popular BERT embeddings [Devlin et al., 2018].
Another avenue for future work would involve theme-rewriting (or rewriting documents under
other constraints) at a deeper semantic level. Instead of operating on surface text directly, thematic
edits could be made to a knowledge graph corresponding to a word problem text. Surface text
could then be recovered with the GraphWriter system of Chapter[5] A knowledge graph for general
text can be produced by a semantic role labeling system such as|He et al.| [2017]] with coreference
annotations. For a math word problem, one can include mathematical relations between quantities
as provided by an equation parser (Chapter [3). This proposed model has the potential to be more
robust than the model described in Chapter [ as it will be able to tailor the syntax of the problem to
the content words provided by the editor. However, significantly more data will be required to learn
the syntactic patterns that are present in a human authored text and absent in a knowledge graph.

Pretraining should be considered to help fill this gap.
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