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Abstract

Understanding and responding to natural language requires a level of representation
for the input text. When reading about a character in a novel, we may remember them
by attributes such as their name, events they are involved in, or their relationships with
others. Many modern approaches choose a straightforward strategy: they simply store
the entire input document in their context window. While this approach has merit, it
becomes apparent with longer documents that storing the entire input text in context
may be computationally difficult and wasteful. In cases where it is feasible, it may still
impede performance, as the document’s length may hinder the model’s ability to focus
on relevant aspects of the input.

This thesis investigates whether more careful text representations are suitable for
two discourse-level tasks: coreference resolution and text summarization. We are inter-
ested in maintaining an explicit representation of the discourse, which compresses the
input text into a more efficient representation. Our interest in efficient representations
also leads us to propose incremental models. This process mimics human language pro-
cessing, where text is consumed incrementally instead of simultaneously. Incremental
models are also crucial for downstream applications that require incrementality, such as
in dialogue interaction.

This thesis argues that explicit discourse representations can lead to more efficient
processing, better performance, or both. First, we propose an incremental, memory-
based mechanism for the coreference resolution task. The system processes text
sentence-by-sentence, storing encountered mentions as partial coreference clusters
in a memory matrix. In an incremental setting, we show that our proposed surpasses
contemporary baselines when they are constrained to an incremental setting.

Second, we consider a generative, seq2seq paradigm for coreference resolution. In-
stead of holding the entire document in context, we propose a compressed, model-based
discourse representation. Our proposed method truncates the context to its mentions and
organizes them into entity representations. We show that this representation maintains
similar performance to a naively incremental system, while discarding a majority of the
document’s context. In the case where singleton mentions are included in the data, our
compressed representation surpasses state-of-the-art performance in a more efficient
manner.

Our last task considers discourse modelling in a narrative summarization task. Here,

we investigate a plan-based approach, where the generated summary is grounded in



a high-level plan of summary content. We find that although summaries are well-
grounded to their plans, they are no more faithful to the source document than non-
planning baselines. Human evaluation shows generated plans contain an equal amount of
hallucinated content as the summary, leading to summaries that grounded but unfaithful.
When we replace these plans with powerful, LLM-generated ones, summary quality
improves dramatically. The result emphasizes the importance of high-quality plans in

planning-based approaches to summarization.



Lay Summary

Digital assistants powered by large language models (LLMs), such as OpenAI’s Chat-
GPT or Google’s Gemini, have rapidly become popular with users for everyday tasks.
One useful application is the ability to input long-form text, such as books, video tran-
scripts, or news articles, and ask the assistant to reason over the entire text. However,
these tasks are rarely performed with current technology, as reasoning long documents
in their entirety is both costly and inaccurate. Language models are inefficient at long
range reasoning, and therefore limited when handling large volumes of text.

This thesis looks at more efficient ways to process, understand and respond to long-
form text inputs. Our core idea is to design systems that explicitly model the context
by maintaining a smaller representation of the text, such as entities or key events. In
two chapters, we also consider incremental processing as a means to efficiently model
context, where text is processed chunk by chunk.

We investigate our ideas through the lens of two NLP tasks. The first is coreference
resolution, a task in which the model must track expressions referring to same real-
world entities, such as John, my friend, or him. We develop a system that builds explicit
representations of the entities encountered, updating or creating entries as new mentions
of thee entities are encountered. Next, we examine a new paradigm for coreference
resolution that leverages generative large language models. We apply our ideas on
incremental, efficient representations to this paradigm. Our proposed system stores and
organizes encountered entities in a dynamic, specialized text prompt.

The second task is automatic summarization, where a model is tasked with short-
ening text such as a news article, telephone conversations or a novel into a succinct
summary. Here, we investigate an approach where the model first generates a ‘plan’
to guide summary writing. We find that generating a good quality plan is difficult and
that often, inaccurate plans lead to poor summaries. However, if an oracle plan is used

instead, summary quality significantly increases.



Acknowledgements

Writing a PhD thesis is certainly a long and formative journey, and there are many
people I am thankful for, either for their support, feedback, discussions, or for providing
timely distractions when they were needed.

I primarily wish to thank my supervisor, Mark Steedman. I am grateful for the
countless and interesting discussions, timely and insightful feedback, and the general
availability for providing support. These discussions have undoubtedly shaped my
perspective on how to conduct good research, ask interesting questions and to think
critically in periods of hype.

I am similarly thankful to my secondary supervisor, Shay Cohen. His research
expertise has helped me many times throughout my PhD in asking meaningful questions
that improved my research and getting past the technical hurdles. I would also like to
thank Mirella Lapata for her valuable feedback during my annual reviews, and Selma
Tekir and Bonnie Webber for their helpful discussions and questions. Lastly, I would
like to thank Mirella (again) and Michael Collins for kindly agreeing to examine my
thesis.

My research labmates have been a continual source of knowledge and I thank them
for many useful discussions that influenced the direction of my research. In no particular
order, they are Milo§ Stanojevi¢, Ratish Pudupully, Liane Guillou, Louis Mahon, Sander
Bijl de Vroe, Nick Menna, Tianyi Li, Mohammad Javad Hosseini, Liang Cheng,
Tianyang Liu, Sabine Weber, Nikita Moghe, Elizabeth Nielsen, Katarzyna Prus, Iona
Carslaw, Sivan Milton, Zhaowei Wang and Chuang Liu, as well as my colleague Parag
Jain.

I am also grateful to my colleagues during my internship at Amazon: Siddharth
Varia, Paula Czarnowska, Yogarshi Vyas, Bonan Min and Kishaloy Halder. I would
also like to thank Kathleen McKeown and Faisal Ladhak for their numerous helpful
discussions.

Thank you to my friends in Edinburgh: Ben, Anna, Steinar, Matt, Rana, Claire,
Mark, Bhargavi, Jesse, Yuelin, and outside Edinburgh: Konrad, Jackie, Johannes,
Tanjiha, Chris, Patrick, Riley, Fay, Tanya and Noah. Their support may not be related to
research, but provided a welcome distraction at times.

I would also like to extend my gratitude to my parents and my stepfather, for their
unconditional support, which started far before my PhD studies.

Lastly, I am grateful to my loving partner Jane. Apart from the countless memories

together, she has been a constant source of support and care throughout my entire PhD.

iv



Declaration

I declare that this thesis was composed by myself, that the work contained herein is my
own except where explicitly stated otherwise in the text, and that this work has not been

submitted for any other degree or professional qualification except as specified.

(Matt Grenander)



2

Table of Contents

1 Introduction 1
I.1 Motivation . . . . . . . . . . e e e 1
1.2 Thesisstatement . . . . . . . . . . . .. 3
1.3 Outlineof Thesis . . . . ... ... ... ... .. ... ....... 3
Background 6
2.1 Discourse Modelling . . . .. ... ... ... ............ 6

2.1.1 Discourse Representation Theory . . . . ... ... ..... 6
2.1.2 File-Change Semantics . . . . . . .. ... ... ....... 7
2.1.3 Centering Theory . . . . . . .. ... ... ... ....... 8
2.2 Coreference Resolution . . . . ... ... ... ............ 9
2.2.1 Task Description . . . . .. ... ... ... ... 9
222 Datasets . . . ... . e e e e e 12
2.2.3 Evaluation Metrics . . . . . . . ... .. o 14
2.3 Automatic Summarization . . . . .. .. ... 17
2.3.1 TaskDescription . . . .. ... ... ... ... ... 17
232 Datasets . . . . ... e e e e e 18
2.3.3 EvaluationMetrics . . . . . . . ... ..o e 21
2.4 Base Model Architectures . . . . . ... ... ... ... ..., 25
24.1 Long Short-Term Memory Networks (LSTMs) . . . ... .. 25
242 Stack-LSTM . . . . . .. 27
243 Encoder-Decoder . . . .. ... ... ... ... .. ... 27
244 Transformer. . . . . . .. .. ... 27
245 Transformer-XL . .. ... ... ... ... ... 30
2.5 Pre-trained Language Models (PLMs) . . . . ... ... ... .... 30

vi



3 Sentence-Incremental Neural Coreference Resolution 33

3.1 Introduction . . . . . ... .. .. ... 34
3.2 Background and Related Work . . . . . .. ... ... ... ... 36
33 Method . ... .. ... 37
3.3.1 Shift-Reduce Framework . . . . . . ... ... ... ... .. 38
3.3.2 Neural Implementation . . . . . ... ............. 41
34 Experiments . . . . . ... ... e e e e 43
341 Datasets . . . . . . ..o 43
342 Model Components . . . . . ... ... ... ... ..., 44
343 CompariSOns . . . . . v vt i e e e e e e 45
35 Results. . . .. oo 47
35.1 OntoNotes . . .. .. .. ... 47
352 CODI-CRAC . . . . ... . e 48
3.6 Analysis . . . ... 49
3.6.1 k-Sentence-Incremental Mention Detection . . . . . ... .. 50
3.6.2 Partitioning Document Clusters . . . . . ... ... ... .. 51
3.6.3 Speaker Embeddings . . . ... ... ... ... ... .. .. 53
3.6.4 XLNet in Non-Incremental Baselines . . . .. ... .. ... 54
377 Conclusion . . . .. ... L 55

4 Efficient Seq2seq Coreference Resolution Using Entity Representations 56

4.1 Introduction . . . . . . . . .. 57
42 RelatedWork . . . ... ... 60
43 Method . .. .. ... 61
4.3.1 Seq2seq Coreference Resolution . . . . . ... ... ..... 61
4.3.2 Full-Prefix Incremental Baseline . . . . ... ... ...... 62
4.3.3 Model-based Incremental Representation . . . . .. ... .. 62
4.4 EXperiments . . . . . . . . i i e e e e e 63
441 Datasets . . . . . ..o e e e 63
442 Metrics . . . . .. e 64
443 CompariSONS . . . . v v v v e e e e e e e e 64
45 Results. . . . . . . .. 65
451 OntoNotes . . . . . . . . i i e e 65
452 LitBank . . . . .. ... 67
453 CODI-CRAC . . . . . . . e 68

Vii



4.6

4.7

Analysis . . . . ... 68
4.6.1 CompressionRatio . . .. ... ... ... ... ....... 68
4.6.2 GPUMemoryUsage . . . ... ... .. ... ........ 69
4.6.3 EntityOrdering . . . . .. ... ... ... .. 70
4.6.4 Sources of Error in Incremental vs. Non-Incremental Settings 71
4.6.5 NER-Augmented Inference . ... ... ... ........ 73
4.6.6 Training with Pseudosingletons . . . . . ... .. ... ... 75
4.6.7 ErrorSamples. . . . . ... ... ... 75
Conclusion . . . . . . . . . L 78

Exploration of Plan-Guided Summarization for Narrative Texts:

the Case of Small Language Models 79
5.1 Introduction . . . . . . . . . . ... 80
5.2 RelatedWork . . .. ... ... . ... 82
53 Method . . .. ... 84
5.3.1 TrainingPlans . . .. .. ... ... ... ... ..., 85
532 Training . . . . . ... 91
54 Experiments . . . . . .. ... 92
54.1 Datasets . . . . . . .. e e e e 92
542 Model . . .. ... 92
543 Evaluation . .. ... ... ... ... ... . e 93
54.4 Compared Systems . . . . . ... ... ..o 95
55 Results. . . . . oL 96
5.5.1 Summary Quality . . . .. ... .. ... L oL 96
5.5.2 Faithfulness . . . . . .. .. ... .o 98
5.53 HumanEvaluation . . ... ... ... ... ... ... 98
5.6 Analysis . . . . .. e 100
5.6.1 Claude SyntheticPlans . . . . . . ... ... ......... 100
5.6.2 Pre-filled Claude Plans in E2E Setting . . . . . ... ... .. 101
5.63 ErrorSamples. . . .. ... ... ... ... .. 101
5.7 Conclusion . . . . . ... 105
Conclusion 106
6.1 Summary of Findings . . . . ... ... ... ............. 106
6.2 FutureWork . . . . . . ... ... 108
6.2.1 Extending the Discourse Model . . . ... ... ....... 108

viii



6.2.2 Bridging and Split-Antecedent Reference . . . . .. ... ..

Bibliography

A

Supplementary Material for Chapter 2

Al

FineSurE Faithfulness Prompt . . . . . . ... ... ... ......

Supplementary Material for Chapter 3

B.1
B.2

Full OntoNotes Results . . . . . ... ... ... ... ........
Hyperparameters and Other Model Details . . . . . . .. .. ... ..

Supplementary Material for Chapter 4

C.1
C2

Full OntoNotes Results . . . . . . . . . . . .. . . ... ... ....

NER-Augmented Inference Additional Information . . . . . . .. ..

Supplementary Material for Chapter 5

D.1
D.2
D3
D4
D.5

Examples . . . . . . ..
Coarse Planning Prompt . . . . . .. ... ... . oL
Phi-3.5-mini Prompts . . . . ... ... ... L L oL
Claude Baseline Prompt . . . . . . ... ... ... .........

Human Evaluation Details . . . . . . . . . . . .. ... ... ....

111

153
153

155
155
155

158
158
158



Chapter 1

Introduction

1.1 Motivation

Language technologies powered by Large Language Models (LLMs), such as OpenAl’s
ChatGPT and Google’s Gemini, have rapidly emerged as innovative, practical technolo-
gies. Their ability to seemingly understand, reason and respond to a wide variety of user
queries have resulted in widespread adoption. The ability to use context is key to their
usefulness. Users may interact naturally with the system, generating long conversations
or even inputting documents and whole books. The system is expected to respond
appropriately based on the context, for example by resolving referring expressions or
sifting through previous information.

What is unseen by users is the vast amounts of computation involved in generating
answers to their queries. LLMs’ neural architecture is based on transformer networks
(Vaswani et al., 2017), which require a quadratic number of computations per input
token. Compounding this issue is that LLMs hold onto the full input context when
generating a response. By design, they do not discard previous input tokens, meaning
that as users input longer and longer texts, the context length grows, and the amount of
computation becomes greater and greater.

Computation is not the only concern with long contexts. Many prior works have
demonstrated that transformers are not accurate when reasoning with long contexts (Liu
et al., 2024; Levy et al., 2024), including practical tasks such as summarization (Shaham
et al., 2022). This issue is a major bottleneck for improving language technologies, as
users cannot rely on LLMs for long document processing.

Lastly, from a psycholinguistic perspective, the LLM methodology of retaining the

entire context seems deeply unsatisfying. Human processing is strongly incremental
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(Altmann and Steedman, 1988), and works have demonstrated that humans are contin-
ually compressing and recoding language as it is received (Christiansen and Chater,
2016). In many cases, we turn to our understanding of human processing in order to
design our models.

In particular, in both Chapters 3 and 4, we will look at incremental processing as
a solution to designing efficient and accurate systems. The definition of incremental
processing shifts slightly between Chapters 3 and 4, but in principle remains the same.
In an incremental setting, the model is required to process the text chunk by chunk, and
only begins processing the next chunk of text after it has made coreference predictions
for the current one. The predictions for the current text chunk are then compressed
into a representation that models the discourse. In Chapter 3, the text is processed
sentence-by-sentence, and the discourse is represented by contextual embeddings of
the entities encountered so far. In Chapter 4, the unit of incrementality is broadened
to chunks of 100 tokens rounded up to the nearest sentence, and entities are organized
as formatted strings. In these chapters, the existing systems we examine are often
non-incremental, or inefficient at incremental processing, making them impractical for
downstream applications such as dialogue, where incrementality is a necessity. In these
chapters, we are also primarily motivated to design incremental systems that are more
efficient than their non-incremental counterparts.

In the era of LLMs, one valid question is whether coreference resolution is still
relevant when LLMs can perform the majority of NLP tasks without the need of inter-
mediate steps. We offer two motivations why coreference resolution and summarization

are still interesting research topics despite LLMs’ recent dominance:

* Motivation 1: Coreference resolution serves as an excellent test bed for assessing
how effectively pre-trained language models understand and resolve reference.
This task is fundamental, as reference is a ubiquitous and constantly used feature
of human language. In this thesis, while we do not directly experiment with
prompting LLMs for coreference, we rely on pre-trained language models such
as XLNet (Yang et al., 2019) and TO (Sanh et al., 2022a). Evaluating their ability
to perform coreference and the challenges they face can be seen as a proxy for

LLMs’ ability to handle coreference as well.

* Motivation 2: Coreference resolution is still used as an intermediate step in many
downstream applications, such as in summarization (Hua et al., 2023; Lei and
Huang, 2025), knowledge graphs (Jin et al., 2022; Liu et al., 2023b; Chun and
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Xue, 2024; Yan et al., 2024) and argument mining (Liu et al., 2023a). High-
performing coreference resolution models are an important factor in the success
of these downstream applications. In these cases, we note that LLM approaches
to coreference resolution score more than 20 F1 points below state-of-the-art
methods (Le and Ritter, 2024), meaning it is certainly worthwhile exploring

methods outside of prompting LLMs.

1.2 Thesis statement

In this thesis, we investigate how to design systems that efficiently and accurately
process language. We argue that language models do not benefit from retaining the
entire all previous inputs as context, and propose explicitly modelling the discourse as a
solution. Our solutions involve building explicit representations of the text encountered
so far and incremental processing.

We apply our ideas to two tasks across the thesis. For the coreference task, we
maintain representations of the entities while processing the text incrementally, reducing
the memory and computation requirements of existing systems while maintaining high
performance. In the summarization task, we propose building an abstractive plan of
events in the text before generating the summary. Although we find the complex plan
formulation is difficult to model, substituting in a high-quality plan allows for better

summary quality and higher faithfulness to the source text.

1.3 Outline of Thesis

The thesis is structured as follows:

Chapter 2 We introduce the relevant background material for this thesis. We detail the
cognitive theories underpinning our approach, then discuss the coreference resolution
and summarization tasks, along with the relevant datasets and evaluation metrics. We
finish with a discussion on neural architectures and pre-trained language models that

we use throughout the thesis.

Chapter 3 We explore incorporating a discourse model with encoder-based corefer-
ence resolution systems. We propose a system that incrementally builds a discourse

representation of the text so far, represented by entities in the text. It improves on the
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computational efficiency of existing systems while maintaining competitive scores. We
show that in an incremental setting, our system outperforms contemporary systems,
with larger improvements on a coreference dataset for dialogues. We note performance
differences between incremental and non-incremental systems, which we attribute to

the caching mechanism in the base encoder.

Chapter 4 We investigate a seq2seq paradigm for learning coreference resolution.
Using the same principles as Chapter 3, we design an model-based system which
incrementally builds a discourse representation using entities encountered in the text.
In the seq2seq formulation, we represent the entities as lists of their mentions, ordered
by mention recency. We find our proposal performs strongly against a naive, Full-
Prefix Incremental baseline, while effectively reducing memory requirements. However,
dataset artifacts, particularly the lack of singleton annotation, emerges as a source
of noise for incremental systems. The model-based system surpasses state-of-the-art
methods when singletons are included in the dataset annotation, but otherwise lags
behind. We explore adding NER labels to offset this bias, but find additional artifacts in

the dataset prevents further improvement.

Chapter 5 We apply our ideas to a completely new task, namely automatic text
summarization. In this chapter, the discourse model we consider takes a considerably
different formulation. We investigate plan-guided summarization, where the summa-
rization system generates a summary conditioned on a plan reflecting salient events
from the source text. We propose a narrative plan formulation based on sub-events, and
also explore QA-based plans. Despite prior work promoting plan-guided approaches,
our results are negative, and we find that models tend to hallucinate non-factual content
in both plans and summaries. However, we find that replacing the generated plan with a

high-quality, oracle plan results in higher summary quality and faithfulness.

Chapter 6 We conclude the thesis, summarizing our overall findings and providing
directions for future work.
Parts of this thesis have been published or are currently under submission at various

venues:
* Chapter 3 is published at EMNLP 2022 (Grenander et al., 2022).

* Chapter 4 is under submission at EMNLP 2025.
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* Chapter 5 is accepted at the 7th Workshop on Narrative Understanding (Grenan-
der et al., 2025). The work was initiated at an internship at Amazon Web Services
(AWS), and continued after the internship finished in collaboration with col-

leagues listed in the publication.



Chapter 2
Background

In this chapter, we introduce various aspects of the coreference resolution and summa-
rization tasks. We describe key cognitive theories relevant to our discourse modelling
approach in Section 2.1. The remaining sections details technical aspects of the thesis:
we describe the coreference resolution task, datasets and evaluation metrics in Section
2.2, followed by the summarization task, datasets and evaluation metrics in Section 2.3.
We then describe the base model architectures we use in the thesis in Section 2.4 and

pre-trained language models in Section 2.5.

2.1 Discourse Modelling

2.1.1 Discourse Representation Theory

Discourse Representation Theory (Kamp, 1981) is a framework for semantics based on
incrementally building up a mental model of the world as the discourse progresses. The
framework was preceded by Webber (1978) and Karttunen (1969), who argued similarly
in favour of building such as discourse model; in particular, Karttunen (1969) introduced
the notion of discourse referents, representing entities that are under discussion in the
current discourse.

DRT models discourse with what are called discourse representation structures
(DRS). A DRS consists of discourse referents, and a set of conditions on these entities,
representing the known information about them. The DRS is updated incrementally
with each new utterance, with operations that encode new information or add new
discourse referents.

DRT considers various anaphora such as pronouns, but is concerned with how to
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1 2 3
—is a woman —is a dog —is a fence
—was bitten by 2 —bit 1 —was jumped over
—hit 2 —was hit by 1 by 2
—jumped over 3

Figure 2.1: Examples of file cards in File-Change Semantics, from Heim (1983).

derive a logical form from natural language and how pronouns are resolved within
sentences. In this thesis, we consider both intra- and inter-sentential coreference
resolution. DRT inspires our approach towards coreference resolution, but we do not
vigorously implement it in our models.

Lastly, Segmented Discourse Representation Theory (SDRT, Asher and Lascarides
(2003)) 1s an extension to DRT (or any dynamic semantics theory) that includes dis-
course relations such as Contrast, Explanation and Elaboration, and models the discourse
as a graph. Discourse relations aid in creating a more coherent interpretation of the
discourse. The additional structure imposes constraints on the discourse, leading to
a better explanation for many types of anaphora resolution compared to DRT. For
example, one constraint that SDRT enforces is the Right Frontier Constraint (Polanyi,
1988), which says pronouns cannot attach to any antecedent in the discourse, but may

only resolve to the last node in the graph or one that dominates it.

2.1.2 File-Change Semantics

File Change Semantics (FCS, Heim (1982, 1983)) is a framework for natural language
semantics that is similar to DRT. FCS proposes modelling discourse through file cards
which track and update entities encountered after each utterance. The collection of file
cards at a given utterance can be seen as the state of the discourse up to that point.

Consider the following text, from Heim (1983):
(a) A woman was bitten by a dog. (b) She hit it. (c) It jumped over a fence.

FCS models the discourse as follows: After (a), it creates two cards, labelled (1) a
woman and (2) a dog. On file card (1), it marks “bit by (2)”, and correspondingly, it
writes “bit (1)” on file card (2). Following (b), it updates (1) and (2) to reflect that (1)
has hit (2) and that (2) was hit by (1). After reading (c), it creates a new card (a fence),
records that it was jumped over by (2), and updates (2) to reflect that it jumped over (3).
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Figure 2.1 shows FCS’s model of the discourse after reading (c).

As with DRT, FCS is a theory of dynamic semantics, used to derive logical forms
from natural language. Although it deals considers various types of referring expressions
such as pronouns, it generally does not consider long range, inter-sentential reference
as we do. However, we find the framework useful as a method for modelling discourse,

and the methods we present are inspired by FCS’s file-keeping.

2.1.3 Centering Theory

Centering theory (Grosz et al., 1995) is a framework for understanding and reasoning
about local coherence, with implications for the realization of referring expressions. It is
based on earlier work from Grosz and Sidner (1986). Grosz and Sidner model discourse
structure using three components: a linguistic structure, an intentional structure, and an
attentional state, where the state is modelled with a focus space stack.

Centering theory examines attentional state at the local level. It proposes that
every utterance contains a entity which is the most salient. This entity is called the
backward-looking center, and is unique to each utterance. At each new utterance, the
backward-looking center may shift to a new entity, which then becomes the backward-
looking center and the new focus of the discourse.

Futhermore, Centering theory defines forward-looking centers, as the set of poten-
tial future salient entities, of which one will serve as the backward-looking center in the
next utterance. The forward-looking centers are ranked by their salience in the discourse
by a variety of factors which are not fully enumerated in Grosz et al. (1995). These
factors include features such as syntactic cues; for example, subjects are considered
more salient than other grammatical positions. The highest-ranked forward-looking
center is named the preferred center.

To better understand the concepts of backward-looking and forward-looking centers,

considering the following discourse segment, from Grosz et al. (1995):

(a) John went to his favorite music store to buy a piano.
(b) He had frequented the store for many years.
(c) He was excited that he could finally buy a piano.

(d) He arrived just as the store was closing for the day.
Now, compare the above discourse segment with the following:

(a) John went to his favorite music store to buy a piano.
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(b) It was a store John had frequented for many years.
(c) He was excited that he could finally buy a piano.

(d) It was closing just as John arrived.

Grosz et al. (1995) recognize the former text seems more coherent compared to
the latter, despite both texts discussing the same entities and having the same meaning.
Centering explains the difference in coherence in terms of transitions between backward-
looking and forward-looking centers. Each type of transition is ordered by coherence.
For example, transitions which keep the same backward-looking center are more
coherent, while transitions that shift the backward-looking center to a new entity are
less coherent, especially if the new entity is not the preferred center.

In the first text, John remains the backward-looking center and the preferred center
for the entirety of the text, meaning the overall text is highly coherent. In the second text,
the backward-looking center shifts at each utterance, constantly flipping between John
and the store. These repeated changes results in the second text being less coherent.

Centering also constrains the usage of pronouns in coherent texts. It stipulates that
entities in the current utterance cannot be expressed as pronouns unless the backward-
looking center is also a pronoun. In particular, if there is only one pronoun in the current
utterance, then Centering theory says the utterance is continuing to discuss the same
entity, i.e. the backwards-looking center has not changed.

Lastly, Centering theory is by itself a theory of local coherence, but works such as
Brennan et al. (1987) and Chai and Strube (2022) have developed coreference resolution
methods through implementing the transitions discussed in Grosz et al. (1995). Poesio
et al. (2004b) make a systematic attempt to verify the main claims in Centering theory
through implementation, but were unable to confirm all its claims after finding the
theory underspecified. In this thesis, we do not attempt any literal implementation of

Centering, but we are inspired by modelling an entity’s discourse salience.

2.2 Coreference Resolution

2.2.1 Task Description

Coreference resolution systems are tasked with finding all linguistic expressions in a
text that refer to the same real-world entity. We refer to these referring expressions as
mentions (Hirschman and Chinchor, 1998; Mitkov, 2002), and the real-world entity

being referred to as the referent (Hirst, 1981). If two expressions refer to the same
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Text Labels

“I drove Joe home because he lives close  0: [Joe, he]

to my apartment”, she said. 1: [I, my, she]

Striking auto workers ended their 19-day  0: [Striking auto workers, their, The Peugeot
occupation of a metal shop at a Peugeot =~ metalworkers]
S.A. factory in France. The Peugeot 1: [their 19-day occupation of a metal shop at a
metalworkers began filing out of the shop Peugeot S.A. factory in France, the occupation]
after voting to abandon the occupation. 2: [a metal shop at a Peugeot S.A. factory in
France, the shop]
3: [Peugeot S.A., Peugeot]

Figure 2.2: Two examples from the coreference resolution task. The left column shows
example inputs, while the right column depicts expected labels. Each integer represents
a distinct entity, with the comma-separated text spans denoting its mentions in the text.
Although the figure displays the mentions as text, in reality they are represented by token

indices to avoid ambiguities.

entity, we say they are co-referring. Finally, the prior mention that gives the referring
expression its meaning is called the antecedent (Hirst, 1981).

Figure 2.2 shows two text samples with the expected labels. In the top example, we
note the dynamic nature of coreference, particularly in dialogue domains. This example
includes an instance of deixis (Bosch, 1983), where the correct resolution for / depends
on the speaker.

In the bottom example, we note that mentions may be nested but are otherwise non-
overlapping. For example, in the second example, their and their 19-day occupation

. are syntactically related but refer to different entities. We will assume this non-
overlapping nested structure when designing our models in Chapters 3 and 4.

Lastly, both examples contain expressions that could be the target of coreference,
but do not happen to be in the given sample. For example, my apartment or France
could feasibly be the target of coreference in a subsequent utterance. In some datasets,
these expressions are annotated as mentions, where they are called singleton mentions
(Poesio et al., 2018).

Mentions may be realized by a wide variety of syntactic categories, such as pronouns,
indefinite and definite noun phrases, and proper names. Reference with specific syntactic

classes has been studied extensively in the literature; we refer the reader to work on
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pronouns (Bosch, 1983) and indefinite and definite descriptions (Hirst, 1987; Haddock,
1989).

Additionally, in certain languages such as Spanish and Chinese, referring expres-
sions may even be “invisible”. This phenomenon, called zero anaphora (Mitkov, 2002),
allows the subject or object to be dropped when it is clear from the surrounding context.
For example, in Spanish, verbs are conjugated according to the subject, meaning the
identity of the subject is clear from the choice of verb.

Coreference resolution is typically separated into two major steps. In the first
step, called mention detection, the model is tasked with identifying text spans that
correspond to mentions. Although Figure 2.2 displays mention spans as text, in reality
we will index each token in the text in order to avoid any ambiguity.

In the second step, called mention clustering, the model clusters the mentions into
co-referring groups. We will refer to each group of co-referring mentions as an entity
cluster, or a coreference chain. For example, in Figure 2.2’s bottom example, there
are 4 entity clusters.

Although in this thesis we focus solely on coreference, it is worth noting that
coreference is one type of reference among other interesting phenomena. Generally,
reference in text to previously mentioned entities is called anaphora, which includes
coreference (same-identity anaphora).

One example of non-identical anaphora is bridging anaphora (Clark, 1975; Asher
and Lascarides, 1998; Poesio et al., 2004a), where the listener can infer the identity
of the referring expression based on the context and world knowledge. For example,
in the utterance, “We went to a restaurant. The server was rude.”, a listener will
understand the identity of the server based on the knowledge that most restaurants
have servers. From the perspective of discourse modelling, when a listener hears the
antecedent “restaurant’”, they update their mental discourse model to accommodate any
restaurant-related entities in the near future.

The other type of anaphora we mention here but otherwise do not address in the
thesis is split-antecedent anaphora (Eschenbach et al., 1989; Ingria and Stallard,
1989; Kamp and Reyle, 1993). This phenomenon occurs when a referring expression
has multiple antecedents, as in John met Mary at the café, and they went to the park.
Split-antecedent anaphora may require bridging-like inferences in to resolve, such as:
John, Joe, Mary, and Sarah met a café. The girls went to the park., which assumes
the listener knows typical male and female names in order to infer the identity of “the

girls”.
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OntoNotes CODI-CRAC LITBANK

Domain Various Dialogue Literature
# Documents 3493 134 100
Avg. # Tokens 582.2 1102.4 2105.3
Avg. # Mentions 55.7 312.0 291.0
Avg. # Clusters (exc. singletons) 12.7 30.1 240.4
Avg. # Singletons N/A 138.5 50.7

Table 2.1: Statistics for the coreference resolution datasets we consider in this thesis.
Tokens are represented as SentencePiece tokens (Kudo and Richardson, 2018). We
report the average number of clusters separately from the average number of singletons

to provide a fuller picture of their distribution in each dataset.

2.2.2 Datasets

In our coreference work, we use three datasets: OntoNotes (Weischedel et al., 2013),
CODI-CRAC (Khosla et al., 2021), and LitBank (Bamman et al., 2020). The three

datasets differ in various ways; the main statistics are highlighted in Table 2.1.

2.2.2.1 OntoNotes

The OntoNotes 5.0 dataset (Weischedel et al., 2013) was released for the CoNLL-2012
Shared Task (Pradhan et al., 2012). Its large-scale annotation covers 3493 documents
across various domains, making it a key resource in the community. OntoNotes in-
cludes 7 domains: broadcast conversations, broadcast news, magazines, telephone
conversations, weblogs, and Bible passages.

The OntoNotes annotation scheme does not restrict entity types for coreference; any
co-referring noun phrase is marked as a mention. Verb phrases can also be marked as
co-referring if they co-refer with a noun phrase (e.g. ‘the rise’ with The stock market
rose sharply.).

One challenge with OntoNotes is the lack of singleton annotation. Mentions in
OntoNotes are only annotated if they co-refer with another mention in the document,
meaning many noun phrases that could be the target of coreference are left unmarked.
This artifact presents particular challenges for our proposed systems in Chapter 4.

In order to ensure high-quality annotations, coreference is doubly annotated and

adjudicated (Hovy et al., 2006). The inter-annotator agreement is reported in several
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works as the dataset was developed: Hovy et al. (2006) report the inter-annotator
agreement as 91.8%, while Weischedel et al. (2010) note the overall average agreement
between individual annotators and the adjudicated result as 86%. In the CoNLL-2012
Shared Task (Pradhan et al., 2012), the inter-annotator agreement is provided per
domain, ranging from 78.4% to 96.0%. The average agreement score is 87.4%. In all
cases, the inter-annotator agreement score is measured using the MUC score between

annotators / adjudicator.

2.2.2.2 CODI-CRAC

The CODI-CRAC 2021 dataset was introduced in the CODI-CRAC 2021 Shared Task
(Khosla et al., 2021). It annotates coreference resolution in dialogues, drawing from four
existing corpora: AMI (Carletta, 2006), Light (Urbanek et al., 2019), Persuasion, (Wang
et al., 2019) and Switchboard (Godfrey et al., 1992). The four corpora’s domains cover
meeting dialogues, role playing games, a persuasion task, and telephone conversations,
respectively. We are primarily interested in the dynamic nature of dialogue and how its
inherent incremental nature may be beneficial for our incremental models.

The annotation scheme is generally similar to OntoNotes but differs in one important
way. Unlike OntoNotes, CODI-CRAC includes singleton annotation, which are called
markables. Markables are annotated as all NPs, even non-referring NPs such as expletive
pronouns (e.g. ‘It’ in It was raining.) and predicative NPs (e.g. ‘a linguist’ in John is a
linguist). As shown in Table 2.1, this annotation decision results in a far greater number
of singleton mentions compared to LitBank, which we discuss next.

No inter-annotator agreement statistics are detailed in the Shared Task report;
however, Khosla et al. (2021) specify that the dataset is singly annotated by two
annotators, with spot checks carried out by a third annotator.

We note that a follow-up work, the CODI-CRAC 2022 Shared Task (Yu et al., 2022a),
expanded the 2021 dataset to a total of 218 documents. However, our experiments using
CODI-CRAC in Chapter 3 precede this dataset’s release.

2.2.2.3 LitBank

The LitBank dataset (Bamman et al., 2020) consists of annotated samples selected from
literary texts. The data is drawn from 100 works of fiction in the US public domain
written between 1719 and 1922. LitBank’s long document length is appealing as it

poses efficiency challenges.
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LitBank’s annotation scheme again largely follows OntoNotes, with the exception
that singletons are annotated. Another important difference is LitBank only considers
six entity types: people, facilities, locations, geo-political entities, organizations, and
vehicles, resulting in much fewer singleton mentions compared to CODI-CRAC.

The majority of LitBank is singly annotated; however, the authors doubly annotate
10% of LitBank (10 full texts) to measure inter-annotator agreement. As before, inter-
annotator agreement is computed using the MUC score between annotators. They find
the MUC score to be 95.5%. The authors speculate the very high annotation agreement

may be due to restricting the number entity types, unlike in OntoNotes.

2.2.3 Evaluation Metrics

In this thesis, we use the three main evaluation metrics set out in the CoNLL-2012
Shared Task (Pradhan et al., 2012): MUC (Vilain et al., 1995), B> (Bagga and Baldwin,
1998) and CEAF, (Luo, 2005). Both B3 and CEAFy, are meant to address deficiencies
in previously proposed metrics, but all three are commonly used. In order to get a single
score to compare each system, we follow Pradhan et al. (2012)’s precedent and compute
the average of the three metrics, and report it as the CoNLL Score.

We will assume a set of reference clusters C = {Cy,...,C,}, where C; is a single
entity cluster (i.e. a list of mentions) and predicted clusters X = {Kj,...,K;}. If two

mentions are co-referring, we will also say they are linked.

2.23.1 MUC

The MUC metric, proposed by Vilain et al. (1995), is often referred to as a /ink-based
metric (Pradhan et al., 2012). It computes recall as the number of common links in C
and X divided by |C|, and the precision as the number of common links divided by
%],

Figure 2.3’s top example provides a simple demonstration of the MUC metric. The
ground truth consists of two entities, /-2 and 3—4, and the model only successfully
predicts /—2. In this scenario, MUC provides an intuitive recall score of 50%, and
a precision score of 100%. Compared to MUC, other metrics are more difficult to
interpret in this case.

Although MUC is simple and interpretable, it also carries certain drawbacks. For
example, it does not consider singleton mentions, since they do not link to other

mentions. It also tends to weigh more frequently mentioned entities higher, since these
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Ground Truth System Prediction MuUcC B? CEAF,,

Rec. Prec. Rec. Prec. Rec. Prec.

O-0 O ®)
®O-® ® ®

50.0 100.0 75.0 1000 83.3 55.6

O—-Q20-0-® | O—0—-0—-®
OO ®-® 100.0 87.5 1000 60.0 556 833

O-®—0-1 | 0—®-0-1©

OEOEOEORMOEOEOO)
OO O=0) 1000 77.8 100.0 360 19.0 57.1

O-®—0-1 | 0—®-0-1©

Figure 2.3: Examples of scoring differences among difference coreference evaluation
metrics, adapted from Vilain et al. (1995); Bagga and Baldwin (1998) and Luo (2005).
Each figure represents a potential output, with numbers representing distinct mentions
and links representing coreference. For example, in the top left figure, mentions 1
and 2 are co-referring, and 3 and 4 are co-referring. In the top right figure, the model

has correctly predicted 7 and 2 are co-referring, but has missed the link between 3 and 4.

Top: In simple examples, MUC provides a clear and interpretable score, while
B? and CEAF, are harder to interpret.

Middle: In some use cases, merging two large entities together may be seen as a more
serious error compared to merging smaller entities. B> and CEAF, will penalize these
errors more strongly than the MUC metric.

Bottom: If the model erroneously merges many clusters, MUC and B® will still yield
high recall scores. Similarly, if the model predicts very few links, MUC and B3 will give
high precision scores. CEAF, scores these errors more severely by focusing on gold

and predicted entities instead of links or mentions.
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entities contain more links. This tendency may or may not be desirable depending on

the use case.

2232 B

B? (Bagga and Baldwin, 1998) was proposed to address shortcomings in MUC; in
particular the issue that MUC weighs all links equally. B> is considered a mention-based
metric, as it computes mention overlaps between the predicted and gold entity clusters.

Recall is computed as follows: say mention m is in predicted entity cluster K and m
|KN C|
IC]
of mentions common to K and C divided by the number of entities in C. The overlap

is also in the gold cluster C. Then the overlap value is scored as , 1.e. the number

values are then averaged over all gold mentions. Precision is calculated similarly but by

|KN C|

swapping the roles of predicted and gold clusters: T4

, and then averaged over all
predicted mentions.

The middle row of Figure 2.3 shows an example where MUC exhibits undesirable
characteristics that B> aims to fix. In this example, the model mistakenly merges two
large entities /-2—-3—4 and 7-8-9—10. Bagga and Baldwin (1998) contend this error
is worse than if the model erroneously merges the smaller entity 5—6 with one of the
larger ones. However, MUC regards these two errors as equivalent, since both involve
adding a single incorrect link. Accordingly, it assigns both predictions a precision score
of 87.5%. Since the B> score is based on the number of mentions in each entity chain, it

scores merging two large entities more unfavourably compared to MUC.

2.2.3.3 CEAF,

CEAF (Luo, 2005) imposes a constraint that at most one entity in the predicted clusters
may be matched to one gold entity, then finds the optimal matching between predicted
and gold clusters. Because of the requirement that entities are aligned at most one-to-
one, CEAF, is known as an entity-focused metric.

In their work, Luo (2005) proposes several similarity metrics between entity clusters,

of which the ¢4 function is the most popular. For a predicted entity cluster K and gold
21KNC|

IK|+[C[*
the problem is posed as a maximum bipartite matching problem, which is efficiently

entity cluster C, 04 computes their similarity as To find the optimal matching,
solved by the Kuhn-Munkres algorithm. Recall is then defined by summing the optimal
similarity values and dividing by the number of mentions in C, and precision is defined

by dividing by the number of mentions in X.
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The bottom row in Figure 2.3 shows a case where CEAF), presents an advantage
over MUC and B> metrics. In this example, the model has output a trivial response
where all mentions are co-referring. MUC and B? still assign a recall score of 100%,
despite the lack of any meaningful predictions. In this case, CEAF), severely penalizes
the model output, since CEAF, requires entities to be aligned one-to-one and the model

has only output a single entity.

2.3 Automatic Summarization

2.3.1 Task Description

Automatic text summarization is an NLP task where the system’s goal is to create a
summary from a longer text. The summary should be concise, fluent, accurate, and
contain relevant aspects from the source text. Generally, summarization datasets contain
reference summaries which the summarization system aims to replicate.

There are two main approaches to designing summarization systems. In extractive
summarization, the system simply highlights fragments such as sentences from the
source text and returns these fragments as the final summary. In abstractive summa-
rization, the system is more akin to a human writer, freely synthesizing the summary
token-by-token. In this thesis we only consider the latter approach.

Although abstractive summarization can produce more varied summaries compared
to extractive systems, they also face challenges regarding generating summaries that do
not misrepresent the source text. Many works have shown that abstractive summariza-
tion are prone to generating false assertions in their summaries, which are often called
hallucinations (Kryscinski et al., 2019; Maynez et al., 2020; Lin et al., 2022; Ji et al.,
2023; Wang et al., 2023). Many evaluation metrics attempt to quantify the predicted
summary’s faithfulness to the source text (Fabbri et al. (2022); Zha et al. (2023); Song
et al. (2024), among others).

In general, evaluating summarization systems is challenging, as writing a summary
is a subjective process and it is not clear which aspect best reflects a good summary.
Evaluation may focus on aspects such as coverage of the source text, fluency, con-
ciseness or faithfulness. We detail the metrics we consider in this thesis in Section
2.3.3.

Lastly, automatic summarization may consider many different text domains, such

as news (Hermann et al., 2015; Narayan et al., 2018), scientific articles (Cohan et al.,
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2018), TV show scripts (Chen et al., 2022), etc. Source texts may also comprise of
a single document or multiple documents (Fabbri et al., 2019), or contain multiple

reference summaries (Wang et al., 2022).

2.3.2 Datasets

The summarization datasets we consider focus on long documents with a clear event-
focused narrative structure, as we believe that tasks with a narrative structure are more
likely to benefit from discourse modelling approaches. We choose two datasets covering

(1) short stories and (2) TV show transcripts.

2.3.2.1 SQUALITY

SQUALITY is a long document summarization dataset covering short stories from
Project Gutenburg (Wang et al., 2022). The dataset contains 50/25/52 documents across
training, validation, and test splits. Each document is paired with four summaries
written by human writers, who also verify their peers’ writing. The writing pipeline
ensures the quality of each summary is very high. On average, the dataset contains 7648
tokens per document and 591 tokens per summary. An example from the SQUALITY
dataset is shown in Figure 2.4.

We are interested in SQUALITY for two main reasons. First, as mentioned pre-
viously, short stories in SQUALITY contain a narrative structure, which may benefit
from an explicit discourse modelling approach. Second, documents in SQUALITY are
far longer than other traditional summarization domains such as news articles. The
extreme length results in highly compressed summaries which require a greater degree
of abstraction to capture. Many existing LLMs struggle with long inputs, particularly
with recalling key details and hallucinations (Liu et al., 2024; Levy et al., 2024), and
this phenomenon is observed in SQUALITY as well (Wang et al., 2022). We are also
interested in difficulties in evaluation, as Wang et al. (2022) note that many automatic

metrics weakly correlate with human judgements.

2.3.2,2 SummScreen-FD

SummScreen is a long document summarization task based on TV episode transcripts
(Chen et al., 2022). Summaries in this dataset tend to be very abstractive, as plot details

are usually indirectly expressed by characters in dialogue. The document length also
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"Split" Campbell and I brought our ship down to a quiet landing on the summit of a mile-wide naked rock, and I turned to the
telescope for a closer view of the strange thing we had come to see. It shone, eighteen or twenty miles away, in the light of the
late afternoon sun. It was a long silvery serpent-like something that crawled slowly over the planet’s surface. There was no way
of guessing how large it was, at this distance. It might have been a rope rolled into shape out of a mountain—or a chain of
mountains. It might have been a river of bluish-gray dough that had shaped itself into a great cable. Its diameter? If it had been
a hollow tube, cities could have flowed through it upright without bending their skyscrapers. It was, to the eye, an endless rope
of cloud oozing along the surface of the land. No, not cloud, for it had the compactness of solid substance. We could see it at
several points among the low foothills. Even from this distance we could guess that it had been moving along its course for
centuries. Moving like a sluggish snake. It followed a deep-worn path between the nearer hills and the high jagged mountains
on the horizon. What was it? "Split" Campbell and I had been sent here to learn the answers. Our sponsor was the well known
"EGGWE" (the Earth-Galaxy Good Will Expeditions.)

I forgot about the moving trees, then, and took over the telescope. Mobile trees were not new to me. I had seen similar
vegetation on other planets—"sponge-trees"—which possessed a sort of muscular quality. If these were similar, they were
no doubt feeding along the surface of the slope below the rocky plateau. The people in the clearing beyond paid no attention
to them. I studied the crowd of people. Only the leader wore the brilliant garb. The others were more scantily clothed. All
were handsome of build. The lemon-tinted sunlight glanced off the muscular shoulders of the males and the soft curves of the
females. "Those furry elbow ornaments on the females," I said to Split, "they’re for protection. The caves they live in must be
narrow, so they pad their elbows." "Why don’t they pad their shoulders? They don’t have anything on their shoulders." "Are
you complaining?" We became fascinated in watching, from the seclusion of our ship. If we were to walk out, or make any
sounds, we might have interrupted their meeting. Here they were in their native ritual of sunset, not knowing that people from
another world watched. The tall leader must be making a speech. They sat around him in little huddles. He moved his arms
in calm, graceful gestures. "They’d better break it up!" Split said suddenly. "The jungles are moving in on them." "They’re
spellbound," I said. "They’re used to sponge-trees. Didn’t you ever see moving trees?" Split said sharply, "Those trees are
marching! They’re an army under cover. Look!" I saw, then. The whole line of advancing vegetation was camouflage for a
sneak attack. And all those natives sitting around in meeting were as innocent as a flock of sitting ducks. Split Campbell’s
voice was edged with alarm. "Captain! Those worshippers—how can we warn them? Oh-oh! Too late. Look!" All at once the
advancing sponge-trees were tossed back over the heads of the savage band concealed within. They were warriors—fifty or

more of them—with painted naked bodies. ..

Captain Linden and his lieutenant "Split" Campbell make up the first manned expedition from Earth to this particular planet,
aiming to investigate a large silver river on its surface. The seemingly-endless silvery strip that traveled the planet’s surface
was unidentifiable as of yet. They see the river-like thing early on, but Campbell spots a humanoid through his telescope—this
being is much like a human man, including the fact that he wore clothing. Captain Linden decides it’s time for introductions, as
if he senses he can trust this being, but they watch as a female and then many other people join the first man on the surface,
seemingly coming out of an underground city. Linden and Campbell think their ship is out of sight, and watch a ritual that the

man is performing to the setting sun. ..

The story relates the experience of two agents who travel to an unnamed planet for Earth-Galaxy Good Will Expeditions
(EGGWE). An unmanned camera has brought pictures from the planet back to Earth, showing two features of particular
interest: 1) a human-like species, the Benzendella, living there, and 2) a rope-like, silvery undulating river. Captain Linden is
the commander of the mission; his lieutenant is “Split” Campbell. After traveling millions of miles to reach the planet, the
men land and use their telescope to check their surroundings before alighting from the spaceship. They see the river and the
human-like beings who look like human ancestors from a million years ago. As they watch, the leader of the humans seems to
perform a kind of ritual, but then, Linden notices some trees moving uphill and watches in horror as warriors toss the trees

aside and launch an attack on the humans using clubs or whips with stones tied to the ends. . .

Figure 2.4: An excerpt from a SQUALITY sample (Wang et al., 2022). The top cell
shows two passages from the document, while the bottom two cells show parts of two
human-written summaries. In total, each document in SQUALITY is paired with four

human-written summaries.
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OPEN AT STARS HOLLOW TOWN CENTER

[Miss Patty is trying to get a group of children to dance around a Maypole. Kirk watches from the side of the gazebo.]
MISS PATTY: No, no, boys. You go clockwise! Clockwise! Can’t you tell time?

CHRISSY: The other way, boys! They’re not getting it, Miss Patty.

MISS PATTY: Well, the wedding’s tomorrow. We gotta get it.

CHRISSY: It’s the Banyan boys. They won’t do what I tell them.

KIRK: Nice maypole, Patty! Really organized!

MISS PATTY: Oh, shut up, Kirk!

LORELALI: Tough day, Patty?

MISS PATTY: I've worked with Joan Crawford. This is worse.

KIRK: I don’t call that a "maypole." I'd call that a "maybe-not pole."

LORELAI: What’s with him?

MISS PATTY: He’s mad because I made Chrissy my dance captain over him.

LORELALI: Kirk has forty-three jobs.

MISS PATTY: Would you go talk to him, please? I got my hands full here.

LORELALI: The Banyan boys?

MISS PATTY: Oh! Lucifer tired of them in hell and dumped them here.

LORELAL I'll talk to Kirk.

MISS PATTY: Thank you. All right, Chrissy, let’s give it another go!

LORELALI: Hey, Kirk, maybe you want to ease up on Patty a little.

KIRK: But the maypole is an expertise of mine. I re-enacted the dwarf’s maypole choreography from "The Safety Dance"
video, my junior-high talent show. Chicks were falling at my feet. I'm less than impressed, Patty!

LORELALI: Take a break, please. I've seen Miss Patty get violent. It’s not pretty. Remember that time?

KIRK: That’s when she beat me up.

LORELALI Yeah. Let’s not repeat that.

KIRK: Okay.

[Jess sits on a nearby bench. He and Lorelai glance at each other as she passes. He looks like he’s reading Punk Planet, but
inside the magazine he’s hiding You’re Not Alone, one of the self-help books Luke gave him.]

CUT TO DRAGONFLY INN KITCHEN

JACKSON: They’re the best I've got.

SOOKIE: That’s sad for you and the whole vegetable industry.

JACKSON: They’re the best in the state. I stand by them.

SOOKIE: Theyre puny. They re tasteless.

JACKSON: Puny? These are not puny.

SOOKIE: If they’re small enough to shove up our son’s nose, they’re too small!

JACKSON: No way could you shove one of these up Davey’s nose.

SOOKIE: Bet you five bucks.

JACKSON: Get him in here!

LORELALI: [entering] Hey, guys. You probably shouldn’t shove a radish up your son’s nose. Just thinking out loud.
SOOKIE: All right, I’ll take these if it’s all you’ve got....

As Stars Hollow prepares for the Renaissance-themed wedding of Liz and T.J., Kirk feels slighted when Miss Patty chooses
someone else as the maypole dance captain; Lorelai discovers an equine visitor in the Dragonfly Inn’s lobby; Rory’s suite
mates depart for summer vacation; Lorelai urges Mrs. Kim to call Lane; Lorelai unsuccessfully attempts to get Emily to admit
to the separation during Friday night dinner; T.J. revels in the wonders of tights, but discovers their main drawback during
the ceremony; Mrs. Kim gets some good advice from Lorelai after initially fleeing in horror at the sight of Zach and Brian
and Lane’s shabby apartment, and eventually returns for tea armed with a game plan; Rory calls Dean to rescue her from the
disastrous date Emily has arranged for her with the son of a friend; Luke and Lorelai share significant glances during a slow

dance at the wedding, which prompts Luke to ask Lorelai out on a date. . .

Figure 2.5: An excerpt from a SummScreen-FD sample (Chen et al., 2022). The top cell

shows the TV show transcript, while the bottom shows the summary.



Chapter 2. Background 21

presents a challenge, as the dataset contains on average 7605 tokens per document and

114 tokens per summary.

Following prior work (Hua et al., 2023; Narayan et al., 2023), we use the FullDream-
ing (FD) subset, which contains 3673/338/337 examples for training, development, and
test sets across 88 TV shows. The other fold provided in SummScreen, TVMegaSite,
covers just 10 TV shows, increasing the risk of learning non-generalizable artifacts
from the data. An example from the SummScreen-FD dataset is shown in Figure 2.5.

Similar to SQUALITY, we are interested in SummScreen due to the narrative
structure captured by TV show transcripts and the extreme length of each transcript.
The SummScreen summarization task is also highly abstractive, in the sense that

transcripts have very low ngram overlap with summaries (Chen et al., 2022).

2.3.3 Evaluation Metrics

Summarization evaluation is generally subjective and new methodologies are contin-
ually proposed. In this thesis, we evaluate summarization systems along two aspects:
summary quality and faithfulness. Summary quality measures the relevancy of in-
formation in the summary, while faithfulness measures the degree to which summary
content is consistent with the source text. We measure summary quality with ROUGE
(Lin, 2004), and faithfulness with a trio of recently published metrics: AlignScore (Zha
et al., 2023), QAFactEval (Fabbri et al., 2022) and FineSurE (Song et al., 2024). We
consider several faithfulness metrics as a key finding in Chapter 5 will show the three
metrics are inconsistent with each other, and we therefore conduct a human evaluation

as well.

2.3.3.1 ROUGE

ROUGE (Lin, 2004) is a standard set of summary quality metrics which measure
word-level overlap with a reference summary. It is provided in several varieties which
differ in how the overlap is computed. In ROUGE-N, the ngram overlap is computed
between the system and reference summaries; for example, ROUGE-1 will measure
word overlap, ROUGE-2 will measure bigram overlap, etc. In ROUGE-L, the longest
common subsequence is computed between the system and reference summaries.
ROUGE is not the only metric for measuring summary quality; another popular
metric is BERTScore (Zhang* et al., 2020). BERTScore measures similarity between a

system and reference summary by computing the cosine similarity between their BERT
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embeddings (Devlin et al., 2019). However, Deutsch and Roth (2021) finds BERTScore
is not better than ROUGE at capturing summary quality, and we stick to ROUGE to

more easily compare to contemporary works.

2.3.3.2 AlignScore

AlignScore (Zha et al., 2023) is an NLI-based metric for measuring factual consistency
between predicted summaries and the source text. The scorer is a pre-trained language
model, RoBERTa (Liu et al., 2019b), fine-tuned on NLI data and a variety of other
domains such as paraphrasing and fact verification, unified into a single entailment
framework. AlignScore splits the source document (i.e. the “context”) into 350 token
chunks and then predicts whether each predicted summary sentence (i.e. the “claims”) is
entailed by any chunk in the source. Since only one true entailment is needed to validate
the predicted summary sentence, AlignScore takes the max value over all chunks in
the source text for each predicted summary sentence. The final score is computed by
taking the average value of these max entailment scores. Note that AlignScore relies
solely on the predicted summary and source document, and therefore does not require
any reference summary.

More formally, given a context o and a claim [, the context o is split into chunks o;
and the claim is split into sentences I ;. AlignScore is computed as:

AlignScore(0,l) = meanmax alignment(o;,1 ;)
] 1

where the alignment() function is the probability of entailment from the fine-tuned
RoBERTa model.

Zha et al. (2023) verify their metric on various factual consistency benchmarks
including the SummaC (Laban et al., 2022) and TRUE (Honovich et al., 2022) datasets.
They find AlignScore correlates better with human annotations compared to other
recently proposed summarization metrics. In particular, AlignScore outperforms other

popular NLI-based metrics such as SummaC-Conv (Zha et al., 2023).

2.3.3.3 QAFactEval

QAFactEval (Fabbri et al., 2022) is a QA-based metric measuring faithfulness between
predicted summaries and source texts. Intuitively, QAFactEval generates question and
answer pairs from the predicted summary, then uses the source document to verify the

factuality of each answer. The proportion of correctly answered questions then serves
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as the faithfulness score. It is implemented as a pipeline of several pre-trained models:
a question-generation (QG) model, a question-answering (QA) model, and a scoring
model to measure answer overlap. In their work, Fabbri et al. (2022) ablate each of

these components; here we describe the best-performing metric.

1. Answer Selection: The goal of this step is to select units that can be compared by
question answering. Fabbri et al. (2022) extract all NP chunks from the predicted

summary as potential targets.

2. Question Generation: A question generation module is queried to generate a
relevant question using the predicted summary as context and the selected answer
from the previous step as input. Ideally, the question should be related to some
salient aspect of the source document. QAFactEval uses BART, an encoder-
decoder model (Lewis et al., 2020), fine-tuned on QA2D, a dataset of declarative

sentences associated to question-answer pairs (Demszky et al., 2018) for this step.

3. Question Answering: A question answering model now answers the question
from the previous step using the entire source document as input. The answer
is seen as the source of truth for the generated question in the previous step.
The authors find Electra, an extractive model which displays strong question-

answering abilities (Clark et al., 2020), works best.

4. Answer Overlap Evaluation: The goal now is to compare the extracted answer
from step 1 with the ground truth answer from step 3. QAFactEval uses a learned
scoring model for this step, the LERC score (Chen et al., 2020). This model
outputs a score from 1 — 5 corresponding to the degree the extracted answer from
step 1 matches the expected answer from step 3. This step also checks if the
question is answerable using the Electra model from step 3, and if not, the model

is penalized and scores zero for this question.

5. Question Filtering: Lastly, since some questions may be noisy, QAFactEval
filters out low-quality questions by checking if Electra can answer the question
using the summary as context. If the question cannot be answered, it is not

counted in the final score.

Finally, the scores from the remaining questions are averaged and reported as the

QAFactEval score. Note that similar to AlignScore, QAFactEval relies solely on
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the predicted summary and source document; the reference summary is not used for
computing scores.

We opt to use QAFactEval over other QA-based faithfulness metrics such as QuestE-
val (Scialom et al., 2021) as Fabbri et al. (2022) demonstrate QAFactEval correlates

more highly with human annotations on the SummaC benchmark (Laban et al., 2022).

2.3.3.4 FineSurE

FineSurE (Song et al., 2024) is a suite of LLM-based metrics measuring three summary-
related dimensions: faithfulness, conciseness and completeness. We focus on the
faithfulness dimension as it is most relevant to our motivation in Chapter 5. FineSurE
measures faithfulness by enumerating sentences in the system summary and asking
the LLM whether each sentence is supported by the source document. If the sentence
is not supported, the LLLM outputs an error category (out of 8 possible errors) and a
short reasoning. Determining each sentence’s factuality, error category and reasoning
is handled with a single call to the LLM; the exact prompt can be found in Appendix
A. Although Song et al. (2024) mainly experiment with GPT-4 (OpenAl et al., 2024),
we use Claude due to restrictions in our use of available LLMs. As in AlignScore and
QAFactEval, FineSurE does not require reference summaries for measuring model
performance. Song et al. (2024) verify their method correlates strongly with human
annotations on two summarization benchmarks: FRANK (Pagnoni et al., 2021) and
REALSumm (Bhandari et al., 2020).

Several other LLM-based summarization metrics have been proposed recently. Two
other recently published works are PRisma (Mahon and Lapata, 2024) and G-Eval (Liu
et al., 2023c¢).

PRisma measures summary quality by extracting atomic facts from the reference
and system summaries, then for each atomic fact, determines if it is present in the
corresponding system/reference summary. However, PRisma independently checks
whether each atomic fact is supported by the context, meaning repeated calls are needed
for each summary. We initially experimented with PRisma but found the repeated LLM
calls both rapidly exceeded our budget and required long evaluation times. In contrast,
FineSurE only requires a single call for each summary.

G-Eval evaluates system summaries by first prompting the LLM to design the
evaluation criteria for the task, then prompting it to output scores from 1 to 5 along the
desired criteria. The final score is a sum of the possible score tokens weighted by their

probabilities according to the LLM. Compared to FineSurE and PRisma, this method is
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Figure 2.6: A visualization of the LSTM cell. Pink shaded parts denote pointwise
operations, while the yellow boxes represent learnable parameters, with activation types

labelled.!

more opaque, as the user cannot inspect the predicted factuality of individual sentences
or atomic facts in the summary. Moreover, FineSurE achieves comparable performance
on the FRANK benchmark (Pagnoni et al., 2021) and better performance than G-EVal
on the REALSumm benchmark (Bhandari et al., 2020).

2.4 Base Model Architectures

In this section, we detail the various neural network architectures we use throughout the

thesis.

2.4.1 Long Short-Term Memory Networks (LSTMs)

Long Short-Term Memory Networks (Hochreiter and Schmidhuber, 1997) are a class of
neural networks well-suited for sequential tasks. They are designed to alleviate issues
with recurrent neural networks (RNNs), particularly with gradients that tend to either
explode or vanish (Bengio et al., 1994).

The equations governing the LSTM architecture are designed to learn long-distance
dependencies. They consist of a series of gates, to either ‘forget’ non-essential informa-
tion, ‘update’ the LSTM cell with new information, or ‘output’ the model’s prediction

for the current time step. Another key feature of LSTMs is that the model’s parameters



Chapter 2. Background 26

are broken up into a cell state and a hidden state. The cell state records long-term
contextual information, while the hidden state holds more immediate representations.
We briefly explain the equations governing the LSTM. In the following, W and b
describe learnable parameters, x; is an input vector, s, is previous hidden state and
C;_ is the previous cell state.
The first step is to compute how much information from the context should be

forgotten. This is achieved with the forget gate f;:

fr=0Ws - [h—1, x:] + by)

Next, we compute the input gate layer which decides how much new information is

added to the cell state, and we create new candidate values C; to update the cell state.

it :C(VVi : [htfla xz] + bi)
C, = tanh(Wc - [h—1, x;] + bc)

The cell state is now updated by deciding how much to forget the old state (left part
of the summation), and how much to update by (right part):

Ct:ﬁ *Ct_] +lt *Ct

where * is a pointwise multiplication. Finally, the output is computed by first
computing an output gate, o;. The output gate then decides which parts of the cell state

we want to output as the new hidden state, as shown below:

Oy :G(Wo : [ht—la xt] + bo)
hy = oy xtanh(Cy)

These equations define one step of the LSTM. The overall process is repeated
for each step in the input sequence. A visualization of the architecture is shown in

Figure 2.6.

! Adapted from https:/tex.stackexchange.com/a/432344 and https://colah.github.io/posts/2015-08-
Understanding-LSTMs. Accessed on May 12, 2025.
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2.4.2 Stack-LSTM

Stack-LSTMs (Dyer et al., 2015) are a variation on the LSTM architecture, adapting
them to serve as a stack for parsers. The key innovation is to add a ‘Pop’ operation in
the form of a stack pointer. If a Pop operation is triggered, the stack pointer moves back
to the previous LSTM cell. Subsequent elements always extend from the current pointer
location, rather than from the right-most element of the sequence. This technique is
well-suited for modelling stack operations in natural language processing (such as in
parsing), and we make use of this architecture for tracking the left boundary of mentions

in Chapter 3.

2.4.3 Encoder-Decoder

The Encoder-Decoder architecture, also known as seq2seq, is a widely used architecture
for a variety of NLP tasks. First proposed for machine translation (Cho et al., 2014;
Sutskever et al., 2014), they can be adapted to many sequence-to-sequence tasks, and
we use this formulation for coreference resolution in Chapter 5.

The encoder-decoder architecture consists of an encoder, which maps the inputs
X1,...,X, to a hidden representation Ay, ..., h, and a decoder, which maps hy,...,h; to
the desired outputs y1,..., V.

More formally, given input vectors xi,...,X,, the encoder maps the inputs to a

hidden representation:

hi,...,hx = Encoder(xy,...,x,)

The decoder then generates the outputs from the hidden representation:

Yi,---,ym = Decoder(hy, ..., hy)

The exact architecture of the encoder and decoder may vary; for example, they may
be LSTMs, as in Cho et al. (2014) and Sutskever et al. (2014), or transformer networks,

as we describe in the following section.

2.4.4 Transformer

The transformer architecture (Vaswani et al., 2017) is an encoder-decoder model where
the encoder and decoder are formed of components called transformer layers. At the

core of each transformer layer is the attention mechanism (Bahdanau et al., 2015).
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Figure 2.7: A visualization of the transformer architecture, from Vaswani et al. (2017).
The encoder is shown as the left block, while the decoder is on the right side. Each
transformer block consists of multiple components, such as the multi-head attention,
layer normalization, full feed-forward network, and residual connections. The N denotes

that each block is repeated N times in the encoder and decoder.
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In the attention mechanism, inputs X = (xp,...,x,) are mapped through linear
transformations to three matrices, called the query matrix Q, key matrix K and value
matrix V. The output of the attention mechanism is then given by:

. OKT
Attention(Q,K,V) = softmax | —— |V
Vdk

where dy, is the dimension of the key matrix.

In essence, a similarity score is computed between Q and K (i.e. through matrix
multiplication), and then transformed via the softmax function into a probability distri-
bution, called the attention weights or attention distribution. The final output is the sum
of vectors in V weighted by the probabilities in the attention weights. The division by
\/dj, prevents the multiplication of Q and K from growing too large in magnitude.

The attention mechanism is used in different ways in the transformer architecture. In
the encoder, it is implemented as self-attention, where the key, value and query matrices
all originate from the inputs or previous encoder layers. In the decoder, self-attention is
used alongside cross-attention, where the query matrix comes from the labels (or the
outputs of the previous decoder layer), and the key and value matrices are the encoder’s
outputs.

Vaswani et al. (2017) also found it beneficial to separate the attention mechanism
into what they call multi-head attention. The key, value, and query matrices are each
linearly projected into distinct representations. Each head is learned independently and
computed in parallel. After the attention mechanism is computed for each head, the
outputs are concatenated and projected back to the original dimension.

While the attention mechanism is the main component of the transformer, there
are other parts to the full architecture, such as layer normalization, full feed-forward
networks, and residual connections, which we do not cover here. The full diagram is
shown in Figure 2.7.

Lastly, transformers also include a positional encoding scheme. In LSTMs, pro-
cessing is sequential (i.e. leftmost token to rightmost), so the token’s position in the
sequence is captured by the LSTM cells. However, in transformers, the transformer lay-
ers compute the attention mechanism across all tokens simultaneously, which does not
include any information about their position in the input (or output) sequence. To avoid
this issue, Vaswani et al. (2017) add positional encodings for each token embedding,

based on sinusoidal functions.
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2.4.5 Transformer-XL

One disadvantage of the basic transformer architecture is that the dimensions of the
attention matrices (e.g. Q,K and V) are fixed, meaning that the model has a maximum
output sequence length. This feature can present issues if the text length stretches
longer than the allowed limit. Transformer-XL (Dai et al., 2019) aims to solve this
issue. Its architecture is a variation on the basic transformer, allowing it to extend to
infinite sequence length at inference time. The architecture is convenient for our use
case because it allows us to efficiently run incremental settings without re-inputting the
entire sequence for every new sentence or text chunk.

There are two modifications made to the transformer architecture in order to achieve
this goal. The first change is a specialized architecture that caches and reuses previously
computed segments during training and inference. This is implemented by introducing
a segment-level recurrence mechanism to the transformer layer, allowing the hidden
states of a new segment to attend to the previous one. This change allows inputting new
text without re-inputting previously processed tokens, which we will exploit for our
incremental system in Chapter 3.

The second change is the positional encoding in the transformer is replaced with a
relative position encoding. Instead of adding an absolute positional encoding to each
token embedding, Transformer-XL adds a relative positional encoding when computing
the attention scores between key and query matrices. The relative positional encoding
is associated with the token distance between the query and key representation, rather

than an absolute position.

2.5 Pre-trained Language Models (PLMs)

Many successful approaches in NLP have not only benefitted from advances in neural
architectures, but also from pre-training on large data corpora. This technique originates
from static word embeddings such as word2vec (Mikolov et al., 2013) and GloVe
(Pennington et al., 2014). These methods train shallow neural networks to predict
a target word from its surrounding context; however, they do not distinguish how
meanings of words may differ in different contexts or syntactic positions. Later, ELMo
(Peters et al., 2018) and BERT (Devlin et al., 2019) proposed contextualized word
embeddings by predicting a distinct embedding for each word depending on its context.

In ELMo, this goal is achieved with bidirectional LSTMs; in BERT, with a transformer
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encoder. In Chapter 3, we use XLNet (Yang et al., 2019), a pre-trained language model
extending BERT with a modified pre-training objective. Importantly, XLLNet uses the
Transformer-XL architecture, meaning it can efficiently handle an incremental setting.

Pre-training has also found utility in encoder-decoder architectures. BART (Lewis
et al., 2020) introduced pre-training tasks in the discourse domain (i.e. beyond token
prediction) such as permuting sentence order and rotating the document start token. In
TS5 (Raffel et al., 2020), the authors convert a variety of NLP tasks into natural language
prompts, requiring the model to learn to solve various NLP tasks based on the text
prompt alone. The T5 model motivated the TO (Sanh et al., 2022a) encoder-decoder
model, which we rely on in Chapter 5 as our base model. The TO model expands the T5
pre-training scheme to a much larger set of natural language pre-training tasks.

The dominant architecture for large-scale pre-training is the decoder-only trans-
former. Many popular chat applications such as Anthropic’s Claude (Anthropic, 2024),
Google’s Gemini (Comanici et al., 2025) and OpenAI’s GPT-4 (OpenAl et al., 2024)
use decoder-only transformers, and the term large language model (LLM) typically
refers to models based on this architecture. In Chapter 5, we explore using Claude
Sonnet 3.5 (Anthropic, 2024), a decoder-only LLM released in June 2024. Sonnet 3.5’s
specific training and model details are not publicly available; however, Sonnet 3.5 is
known to outperform many other LLM models on a wide variety of benchmarks such
as reasoning, math, coding, reading comprehension and question answering (Anthropic,
2024). Its strong performance on many NLP benchmarks motivates us to use it in
Chapter 5 as an oracle to generate sub-event plans.

In this thesis, we will also make a distinction between small and large language
models, which we refer to as SLMs and LLMs. This distinction is ever-changing,
but in this thesis, we will define SLMs as having less than 4 billion parameters, and
LLMs as any larger model. The distinction is important as many works have found
performance improves significantly as the model size and the amount of pre-training
data increase. For example, the GPT (Generative Pre-trained Transformer) model
series (Radford et al., 2018, 2019; Brown et al., 2020) share the same decoder-only
transformer architecture, but each successive model enlarges the model size and the
amount of pre-training data, with each iteration resulting in improved performance.
The performance improvement from GPT-2 (Radford et al., 2019) to GPT-3 (Brown
et al., 2020) is particularly remarkable, as it allows for a learning technique called
in-context learning. Unlike the traditional supervised fine-tuning paradigm, in-context

learning is an inference-time learning approach where examples are provided directly
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in the model’s context (or prompt). This technique is much simpler than traditional
fine-tuning, only requiring a small amount of samples (sometimes as few as 1 or 2), but
can seemingly only be leveraged by larger models such as GPT-3.

While LLMs’ powerful performance is attractive, SLMs are interesting in their own
right, as LLMs’ large size is often prohibitive to run or train, especially on smaller
devices such as mobile phones. Getting SLMs to work as well as LLMs is a challenge
we explore in Chapter 5, using Claude Sonnet 3.5 (Anthropic, 2024) as the LLM and
Phi-mini-3.5 (Abdin et al., 2024) as the SLM.

Phi-mini-3.5 is a 3.8 billion parameter, decoder-only transformers model pre-trained
on 3.3 trillion tokens. Abdin et al. (2024) show that Phi-mini-3.5 performs comparably
to much larger models despite a much smaller parameter count. It also boasts a
128K context window, which is important for the long document tasks we examine in
Chapter 5. Based on these two advantages, we select Phi-3.5-mini as the SLM in our

experiments.
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Sentence-Incremental Neural

Coreference Resolution

In this chapter, we focus on encoder-based coreference resolution systems, e.g. models
that rely on BERT (Devlin et al., 2019) or other encoders for their processing. Our
hypothesis is that building a discourse representation is an efficient and effective
strategy for incremental coreference resolution in encoder-based models. In this
chapter, we represent discourse as a memory matrix of entities encountered so far, using
their hidden representations.

We show that existing coreference resolution systems are not well-adapted for

incremental settings such as dialogue, and fall into one of two groups:

1. State-of-the-art non-incremental models that incur quadratic complexity in docu-

ment length with high computational cost, and

2. Memory network-based models which operate incrementally but do not generalize

beyond pronouns.

Focusing on the first approach, we suggest a new coreference resolution evaluation
setting requiring systems to process coreference clusters sentence-by-sentence, and
show that existing systems neither efficiently nor accurately handle this setting. We
propose an incremental system based on shift-reduce parsing which incrementally
builds entity clusters, and show it outperforms state-of-the-art systems in an incremental
setting while efficiently processing text. A key contribution of our approach is a mention
detection module that operates in O(n) span complexity, where 7 is the number of tokens

in the document.

33
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3.1 Introduction

In the previous chapter, we discussed how coreference resolution is typically performed
in two steps: in mention detection, the model predicts which expressions are referential,
and in mention clustering, the model computes each mention’s antecedent. Many
systems follow a mention-pair formulation from Lee et al. (2017), in which all possible
spans are ranked and then scored against each other. In particular, methods that augment
this approach with large, pre-trained language models achieve state-of-the-art results
(Joshi et al., 2019, 2020).

Despite impressive performance, these methods are computationally demanding.
For a text with n tokens, they will score up to O(n?) spans, followed by up to O(n*) span
comparisons. They also process documents non-incrementally, requiring access to the
entire document before processing can begin. These properties present challenges when
insufficient computational resources are available, or when the task setup is incremental,
such as in dialogue (e.g. Khosla et al. 2021). From a cognitive perspective, these
methods are also unappealing because research on “garden-path” effects show that
humans resolve referring expressions incrementally (Altmann and Steedman, 1988).

These drawbacks sparked renewed interest in incremental coreference resolution
systems, in which document tokens are processed sequentially. These approaches use
memory networks to track entities in differentiable memory cells (Liu et al., 2019a;
Toshniwal et al., 2020a). These models demonstrate proficiency at proper name and
pronoun resolution (Webster et al., 2018). However, they seem unlikely to generalize
to more complicated coreference tasks due to a strict interpretation of incrementality.
Both Liu et al. (2019a) and Toshniwal et al. (2020a) resolve mentions word-by-word,
making coreference decisions possibly before the full noun phrase has been observed.
The approach is adequate for proper names and pronouns, but it may fail to distinguish
entities who share the same phrase prefix. For example, in Figure 3.1, three mentions
all begin with ‘Hong Kong’, though all belong to separate entities. In this case, it is
difficult to see how a system using word-level predictions would resolve these mentions
to different entities.

Motivated by this work, we propose a system that processes a document incremen-
tally at the sentence-level, creating and updating coreference clusters after each sentence
is observed. The system addresses deficiencies in memory network-based approaches
by delaying mention clustering decisions until the full mention has been observed.

These goals are achieved through a mention detector based on shift-reduce parsing,
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In 2004, on the Waterfront Promenade originally constructed for view-
ing only the scenery of Hong KongIsland and Victoria Harbor, the
Hong Kong Tourism Board also constructed the Avenue of Stars, memorializing

Hong Kong’s 100-year film history .

Figure 3.1: An example from the OntoNotes dataset which highlights the need for
incremental systems to identify spans rather than tokens as mentions. The mentions
cannot be resolved solely from the prefix ‘Hong Kong’, and the clustering decision should

be delayed until the full mention is observed.

which identifies mentions by marking left and right mention boundaries. Mention
candidates are then passed to an online mention clustering model similar to Toshniwal
et al. (2020b) and Xia et al. (2020). The model proposes a linear number of spans
per sentence, reducing computational requirements and maintaining more cognitive
plausibility compared to non-incremental methods.

In order to compare non-incremental and incremental systems on equal footing, we
propose a new sentence-incremental evaluation setting. In this setting, systems receive
sentences incrementally and must form partial coreference chains before observing the
next sentence. This setting mimics human coreference processing more closely, and is
a more suitable evaluation setting for downstream tasks in which full document access
is generally not available (e.g. for dialogue (Andreas et al., 2020)).

Using the sentence-incremental setting, we demonstrate that our model outperforms
comparable systems adapted from partly incremental methods (Xia et al., 2020) across
two corpora, the OntoNotes dataset (Pradhan et al., 2012) and the CODI-CRAC 2021
corpus (Khosla et al., 2021). Moreover, we show that in a conventional evaluation
setting, where the model can access the entire document, our system retains close to
state-of-the-art performance. However, the sentence-incremental setting is substan-
tially outperformed by non-sentence-incremental systems. Analyzing the difference
between these two settings reveals that the encoder is heavily dependent on how many
sentences it can observe at a time. The analysis suggests better representations of
the entities and their context may improve performance in the sentence-incremental
setting. Nevertheless, our results in this chapter provide state-of-the-art baselines for

sentence-incremental evaluation.
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3.2 Background and Related Work

Non-incremental mention-pair models have dominated the field in recent years, with
many following the formulation presented by Lee et al. (2017). Several extensions have
led to performance improvements, such as adding higher-order inference (Lee et al.,
2018), and replacing the encoder with BERT and SpanBERT (Joshi et al., 2019, 2020).
Extensions to this approach have looked at reformulating the problem as question-
answering (Wu et al., 2020), simplifying span representations (Kirstain et al., 2021),
and incorporating coherence signals from centering theory (Chai and Strube, 2022). Lee
et al. (2017)’s approach is high performing but computationally demanding, requiring
O(n*) span comparisons for a document with n tokens. Table 3.1 compares Lee et al.
(2017)’s span complexity with our proposal, highlighting the considerable reduction in
the number of span comparisons.

Toshniwal et al. (2020b) and Xia et al. (2020) adapt the non-incremental system
of Joshi et al. (2020) so that mention clustering is performed incrementally. However,
in their formulation, document encoding, mention detection and certain clustering
decisions still fully depend on Joshi et al. (2020). This dependency means these ‘part-
incremental’ systems still incur a quadratic span complexity, as shown in Table 3.1.
While our mention clustering component similarly incrementally builds entity clusters,
we demonstrate how the remaining pipeline (i.e. the document encoder and mention
detection components) can also be incrementalized. Yu et al. (2020) similarly present
an incremental mention clustering approach where mention detection is performed
non-incrementally as Lee et al. (2017).

Memory network-based approaches identify co-referring expressions by writing and
updating entities into cells within a fixed-length memory (Liu et al., 2019a; Toshniwal
et al., 2020a). These models demonstrate how fully incremental coreference systems
can be achieved. However, the formulation operates on token-level predictions, and
does not easily extend to either nested mentions or certain multi-token mentions (e.g. in
Figure 3.1).

Cross-document coreference resolution (CDCR) requires systems to compute coref-
erence chains across documents, raising scalability challenges as the number of doc-
uments increases. Given these challenges, incremental CDCR systems are crucial
(Allaway et al., 2021; Logan IV et al., 2021) due to lower memory requirements. How-
ever, these works are not directly comparable to ours since they assume gold mentions

are provided as input.
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Model Incremental Span
Components Complexity
SpanBERT None o(n*)
longdoc Mention Clustering ~ O(n*m)
ICoref Mention Clustering ~ O(n*m)

Part-Inc (Ours)  Mention Detection + O(nm)

Mention Clustering

ICoref-inc All O(n’m)
Sent-Inc (Ours) All O(nm)

Table 3.1: The list of systems we compare, alongside their incrementality (on a sentence-
level) and span complexity. ‘All Components’ means document encoding, mention
detection and mention clustering. n is the number of tokens and m is the number of

entities.

Other, earlier, incremental coreference systems also often ignore or diminish the
role of mention detection. For example, Webster and Curran (2014) use an external
parser for mention detection, requiring an additional model. Klenner and Tuggener
(2011) assume gold mentions as input.

Our incremental mention detector bears similarities to certain models for nested
named-entity recognition (NER). In particular, Wang et al. (2018) present an incremental
neural model for nested NER based on a shift-reduce algorithm. Their deduction rules
differ greatly from ours as they model mention spans using complete binary trees, and

are aimed at NER rather than mention detection.

3.3 Method

Given a document, the goal is to output a set of clusters C = {(1,...,Ck}, where
mentions within each cluster are co-referring. We assume mentions may be nested but
otherwise do not overlap. This assumption allows us to model mentions using a method
analogous to shift-reduce, where shifting corresponds to either incrementing the buffer
index or marking a left mention boundary, and reducing corresponds to marking a right

boundary and resolving the mention to an entity cluster.
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3.3.1 Shift-Reduce Framework

The main idea is to mark mention boundaries using PUSH, POP or PEEK actions, or to
pass over a non-boundary token with the ADVANCE action. After POP or PEEK actions,
a mention candidate is created using the current top-of-stack and buffer elements. The
resulting mention candidate is then either resolved to an existing cluster or initialized as
a new entity cluster.

We represent the state as [S,i,A, C], where S is the stack, i is the buffer index, A is
the action history and ( is the current set of clusters. At each time step, one of four

actions is taken:

* PUSH: Place the word at buffer index i on top of the stack, marking a left mention
boundary. Figure 3.2 represents this formally as adding token w; to the stack
S. Figure 3.3 shows two examples of the PUSH action marking left mention

boundaries at tokens ‘Auto’ and ‘their’.

* ADVANCE: Move the buffer index forward. Figure 3.2 denotes this action as
advancing the buffer index i to i + 1. Figure 3.3 demonstrates moving the buffer

forward in steps 2, 4, 5, 8 and 10.

* PoP: Remove the top element from $ and create a mention candidate using this
element and the current buffer element. Score the candidate against existing
clusters and resolve it (or create a new cluster). Figure 3.2 represents this action
as removing the top element v (i.e. the left mention boundary) from the existing
stack S|v, then resolving the mention with boundaries (v,w;) to C. Figure 3.3
provides two examples of the POP action: in step 3, the token ‘Auto’ is removed
from the stack to create the mention ‘Auto workers’, while in step 9, the token

‘their’ is removed from the stack to create ‘their strike’.

* PEEK: Create a mention candidate using the top element on the stack and the
current buffer element, without removing the top element from the stack. Score
the candidate against existing clusters and resolve it (or create a new cluster).
Figure 3.2 expresses this action as maintaining the stack S|v (without change),
while resolving the mention (v, w;) to C. Figure 3.3 shows how this action is used
in step 7. The token ‘their’ remains on the stack, while the system resolves the

mention ‘their’ to the cluster containing ‘Auto workers’.

The PEEK action does not alter the stack but is otherwise identical to POP. This

action is critical for detecting mentions sharing a left boundary.
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Initial [@,0,9, 2]
Final [&,n,A, (]

[S|wi,i,A|PUSH, C]
S, i,A
ADVANCE . 8,5,4, C]
[S,i+1,A|ADVANCE, (]
POP [S|v,i,A,C]

[S,i,A|POP, C|COREE(v,w;)]

[S|v,i,A, C]

PEEK
[S|v,i,A|PEEK, C|COREF(v,w;)]

Figure 3.2: Deduction rules for our coreference resolver. [S,i,A, C] denotes the stack
S, buffer index i, action history A, and cluster set C. The COREF function indicates that
span (v,w;) is clustered and added to C. S|v means the stack S with token index v on

top.

Several hard action constraints ensure that only valid actions are taken and the final
state is always reached. For example, PUSH can only be called once per token, or else
the model would be marking the left boundary multiple times. The full list of constraints
is described in Section 3.3.1.1.

We denote the set of valid actions as V/(S,i,A, C). The conditional probability of

selecting action a; based on state p; can then be expressed as:

exp(We, - fu(pr))
Yocv(s,ia,c)CXP (Wa - fu(pr))’

where f) is a two-layer neural network, and w,, is a column vector selecting action a;.

pu(a| pr) =

If POP or PEEK operations are predicted, the mention candidate is then scored
against existing clusters. Depending on these scores, the mention is either (a) resolved
to an existing cluster, or (b) initialized as a new entity cluster. Define the set of possible
coreference actions as 4, which includes resolving to existing clusters {1, ..., G}

and creating new cluster (i41. We can write the conditional probability of coreference
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Action Stack Buffer Clusters
1. PUsH [Auto] Auto workers ended their strike 1)
2. ADVANCE [Auto] workers ended their strike 1)
3. Porp [@]  workers ended their strike { Auto workers }
4. ADVANCE [9] ended their strike { Auto workers }
5. ADVANCE [&] their strike { Auto workers }
6. PusH [their] their strike { Auto workers }
7. PEEK [their] their strike { Auto workers, their }
8. ADVANCE |[their] strike { Auto workers, their }
9. Por [2] strike { Auto workers, their } { their strike }
10. ADVANCE [2] 7] { Auto workers, their } { their strike }

Figure 3.3: Example of the shift-reduce system for the sentence “Auto workers ended
their strike”. & denotes the empty stack or empty cluster set. Expressions within brackets
mean they are co-referring. In each step, the Stack and Buffer show the result of applying

the given action.

prediction z; based on mention candidate m; as:

exp(wz; -sc(m;))
Zz’eﬂlk exp(wy - SC<mJ')) ’
where s¢ is a function scoring the mention candidate against {(l,..., G, Ger1} (de-
scribed in Section 3.3.2.2).

The terminal state is reached when the final buffer element has been processed and

pc(zjl mj) =

the stack is empty. At this point, all mentions have been clustered and we return all

non-singleton entity clusters.

3.3.1.1 Action Constraints

To ensure the final state is always reached, it is necessary to enforce a set of rules during

mention detection:
1. ADVANCE can only be called on the final token if the stack is empty.
2. POP and PEEK can only be called if the stack is non-empty.

3. PUSH can only be called once per token, ensuring that left boundaries are only

marked once.
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Document Mention Coreference Cluster

Encoder Detector Resolver Embeddings

03,...] (4.58) / (s1,52), (53,54)
pr— (55,56)s- -
\ (sasB)

pm(a p)  pelzl (sa,s8))

Figure 3.4: A summary of the overall algorithm. After document encoding, the mention
detector predicts transition actions PusH, PoP, PEEK or ADVANCE using the parser state
p:. If a mention is predicted, the coreference resolver then clusters it to an existing cluster
representation or creates a new cluster. Clustering a mention implies a coreference
relation with mentions in the cluster. The steps can all be performed incrementally,

assuming the document encoder is also incremental.

4. PUSH cannot directly follow POP or PEEK. Allowing this action sequence
would either admit multiple paths to the same mention or non-nested overlapping

mentions.

5. POP cannot directly follow PEEK, or else the same mention would be proposed

twice.

6. PEEK cannot be called on the final token. This action would imply the stack is
non-empty on the final token, and that POP must be called.

3.3.2 Neural Implementation
3.3.2.1 Mention Detector

Document tokens are first encoded using a pre-trained language model. The concate-
nated word embeddings, xi,...,x,, form the buffer for the shift-reduce mechanism.
Assuming current word x; and time step ¢, we denote the buffer as b; = x;.

The stack is represented using a Stack-LSTM (Dyer et al., 2015). Let xy,, ..., x5,
be the currently marked left mention boundaries pushed to the stack. Then the stack

representation at time ¢ is:

sy = StackLSTM|xy, , ..., Xy, |.
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We encode the action history ay, . ..,a;—; with learned embeddings for each of the
four actions. The action history at ¢ is encoded with an LSTM over previous action
embeddings:

a, = LSTM|ay, ..., a;—1].

Then, the parser state is represented by the concatenation of buffer, stack, action

history and additional mention features ¢y:

pr = [br;se;an Oar(by,st)],

where 0y, denotes learnable embeddings corresponding to useful mention features such
as span width and document genre. For span width, we use embeddings measuring the
distance from the top of the stack to the current buffer token (i.e. i —sz), or O if the

stack is empty.

3.3.2.2 Mention Clustering Model

The mention clustering is similar to previous online clustering methods (Toshniwal
et al., 2020b; Xia et al., 2020; Webster and Curran, 2014), though we take care to avoid
dependence on non-incremental pre-trained language models which have already been
fine-tuned to this task.

Given a mention candidate’s span representation v, we score v against the existing

entity cluster representations my, ..., my:

SC(V) = [fc(mlvv)"”7fC(mk7V)vO(‘]
fc(m,-,v) = MLP([v7mi7V®mi7¢c<v7mi)])

i* = argmax sc(v)

ie{l,...k+1}

where fc is two-layer neural network, o is a threshold value for creating a new cluster,
v©m, is the element-wise product and 0¢ encodes useful features between v and m;: the
number of entities in m;, mention distance between v and m;, the previous coreference
action and document genre.

If the scores between v and all cluster representations my, ..., my are below some
threshold value o (i.e. i* = k+ 1), we initialize a new entity cluster with v. Otherwise,
we update the cluster representation m;« via a weighted average using the number of

entities represented by m;:
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m;- < B-m; +(1-P)-v,

where f = m; |

= T[4 is the weighting term.

3.3.2.3 Training

Training is done via teaching forcing. At each time step, the model predicts the gold
action given the present state. The state is then updated using the gold action. At each
step, we compute mention detection loss L7 and coreference loss L.

The mention detection loss £, is calculated using the cross-entropy between the

predicted mention detection action and gold action a;+ € V(S,i,A, C):
Ly = —ZIOgPM<at* | pr),
t

where ¢ sums over time steps across all documents.
Similarly, the coreference loss L is defined by the cross entropy between the

highest-scoring coreference action and the gold coreference decision z;+ € A:

mj),

Lo =Y logpc(zjr
J

where j sums over mentions across all documents. The entire network is then trained
to optimize the sum of the two losses, Ly; + L¢. During inference, we predict actions
using greedy decoding, updating the state solely with predicted actions.

Figure 3.4 presents a summary of the various components and the overall algorithm.

3.4 Experiments

3.4.1 Datasets

We train and evaluate our system on the OntoNotes 5.0 dataset (Weischedel et al.,
2013), described in Section 2.2.2.1. We use the same setup as the CoNLL-2012 Shared
Task (Khosla et al., 2021). We evaluate using the MUC (Vilain et al., 1995), B3 (Bagga
and Baldwin, 1998) and CEAF}, (Luo, 2005) metrics and their average (the CoNLL
score), using the official CONLL-2012 scorer.

We also test models on the CODI-CRAC 2021 corpus (Khosla et al., 2021) de-
scribed in Section 2.2.2.2. The dataset suits incremental systems well since dialogue

can be naturally presented as incremental utterances. Given the small dataset size, we



Chapter 3. Sentence-Incremental Neural Coreference Resolution 44

use it for evaluation only, using models trained on OntoNotes. Since OntoNotes marks
document genre (which systems often use as a feature), we associate CODI-CRAC
documents with OntoNotes’ ‘telephone conversation’ genre, since it is the most similar.
We remove singleton clusters due to lack of annotation in the training set. We again
evaluate using MUC, B3 and CEAF),, using the official Universal Anaphora scorer (Yu
et al., 2022b).

3.4.2 Model Components
3.4.2.1 Document Encoder

Many coreference resolution models use SpanBERT (Joshi et al., 2020) as a base model
(Wu et al. (2020); Toshniwal et al. (2020b); Xia et al. (2020); Xu and Choi (2020),
among others), since Joshi et al. (2020) demonstrate SpanBERT’s proficiency for entity-
related tasks such as coreference resolution. However, SpanBERT is unsuitable for
incremental applications because it expects all its input simultaneously and cannot
partially process text while waiting for future input.

Instead, we turn to XLNet! (Yang et al., 2019), which extends the earlier Transformer-
XL model (Dai et al., 2019). As we described in Sections 2.4.5 and 2.5, XLNet differs
from typical pre-trained language model encoders as it can efficiently cache and reuse
its previous outputs. The caching mechanism allows for recurrent computation to be
performed efficiently. Cached outputs provide a context to the current sentence being
processed.

We experiment using XLNet in two settings: in the Sentence-Incremental (Sent-
Inc) setting, each sentence is processed sequentially, and partial coreference clusters
are computed before the next sentence is observed. After each sentence is processed,
we accumulate XLNet’s outputs (up to a cutoff point) and reuse them when processing
the next sentence. We limit the number of cached tokens so that the cached and
‘active’ tokens do not exceed 512, so that our work remains comparable to other recent
works. Although the mention detector is token-incremental and the mention clustering
component is span-incremental, the document encoder is sentence-incremental, so
overall we describe the system as sentence-incremental.

In the Part-Incremental (Part-Inc) setting, we allow XLNet to access multiple
sentences simultaneously, up to 512 tokens. This setting is comparable to experiments

in Xia et al. (2020) and Toshniwal et al. (2020b), where document encoding is also non-

'We use the base version due to memory restrictions.
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incremental. In our case, both mention detection and mention clustering components
remain incremental as in the Sentence-Incremental setting. In this way, we can isolate

the effect of sentence-incrementality on the document encoder (XLNet).

3.4.2.2 Span Representation

We use a similar span representation to Lee et al. (2017): for a span (i, j), we concatenate
word embeddings (x;,x;), an attention-weighted average ¥ and learnable embeddings
for span width and speaker ID (the speaker for (i, j)). We use 20-dimensional learned
embeddings for all features (span width, speaker ID, document genre, action history,

mention distance and number of entities in each cluster).

3.4.2.3 Training

We use Adam to train task-specific parameters, and AdamW for XLNet’s parameters
(Kingma and Ba, 2015; Loshchilov and Hutter, 2019). The gradient is accumulated
across one document before updating model weights. We use a learning rate scheduler
with a linear decay, and additionally warmup SpanBERT’s parameters for the first
10% update steps. For the mention detector, we balance the loss weights based on the
frequency of each action in the training set. This step is important because most tokens
do not correspond to mention boundaries, meaning the ADVANCE action is by far the
most prevalent in the training set.

Training converges within 15 epochs. The model is implemented in PyTorch (Paszke

et al., 2019). A complete list of hyperparameters is included in Appendix B.2.

3.4.3 Comparisons

We compare against several recent works with varying degrees of incrementality. Table
3.1 summarizes their differences in incrementality compared to ours, as well as the
span complexity. Joshi et al. (2020) is a non-incremental formulation: it adopts the
end-to-end formulation from Lee et al. (2017), replacing the LSTM encoder with their
novel SpanBERT architecture.

The longdoc (Toshniwal et al., 2020b) and ICoref (Xia et al., 2020) systems adapt
Joshi et al. (2020) so that mention clustering is done incrementally. However, both
models avoid modifying the non-incremental document encoding and mention detection

steps from Joshi et al. (2020), and the resulting systems are only partly incremental.
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Since Toshniwal et al. (2020b) and Xia et al. (2020) only experiment with SpanBERT-
large, we re-train their implementations with SpanBERT-base to fairly compare against
our own systems.

Xia et al. (2020) also provide a truly sentence-incremental version of their sys-

tem, which we call ICoref-inc?

. This version is trained by encoding tokens and
proposing mentions sentence-by-sentence, independently processing each sentence
as it is observed while maintaining entity clusters across sentences. Since [Coref-inc
is fully sentence-incremental, it provides the fairest comparison to our own Sentence-
Incremental setting. Using more incremental components increases the coreference
task’s difficulty, as the system must rely on partial information when making clustering
decisions.

We do not compare against Liu et al. (2019a) and Toshniwal et al. (2020a)’s token-
incremental models. Besides being generally unsuitable for span-based coreference,

they also do not handle nested mentions. Roughly 11% of OntoNotes’ mentions are

nested, meaning that training these systems on OntoNotes is infeasible.

3.4.3.1 Span Complexity

Table 3.1 also compares the span complexity between systems, in terms of how many
spans must be scored and compared. This comparison is analytic and not runtime-
based, and so ignores handcrafted memory-saving techniques such as eviction and
span pruning. Joshi et al. (2020) score all possible spans and compare them pairwise,
meaning their system runs in O(n*), where 7 is the number of tokens. Toshniwal et al.
(2020b) and Xia et al. (2020) reduce the complexity to O(nzm), where m is the number
of entities, by incrementally clustering mentions. Finally, our systems’ span complexity
is O(nm). Our mention detector proposes O(n) spans, as we can show each action
is linearly bounded in the number of tokens. Our reduced complexity speaks to its
increased cognitive plausibility compared to the part- and non-incremental systems,
which consider a quadratic number of spans.

Note that the runtime is not comparable because non-incremental methods process
the entire document in parallel, whereas ours is not parallelizable and therefore slower.
We also note that this comparison does not have any bearing on memory requirements,
since Toshniwal et al. (2020b) and Xia et al. (2020) both maintain constant memory

through either learned or handcrafted eviction strategies.

2Specifically, this system is the “Train 1-sentence / Inference 1-sentence” model from Xia et al.
(2020)’s Table 4.
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Enc. Inc.  Model MUC B> CEAF,, Avg.

Size F1
SpanBERT (Joshi et al., 2020) 853 78.1 75.3 79.6
CorefQA+SP (Wu et al., 2020) 88.0 82.2 79.1 83.1

Large None o
s2e+Longformer (Kirstain et al., 2021) 85.8  79.1 76.1 80.3

s2e + se_ct (Chai and Strube, 2022) 86.3 79.6 76.7 80.9

SpanBERT (Joshi et al., 2020) 83.7 75.8 72.9 77.4
Base None

CorefQA+SP (Wu et al., 2020) 86.3 77.6 75.8 79.9

longdoc (Toshniwal et al., 2020b) 83.2 748 71.4 76.4
Base Part  ICoref (Xia et al., 2020) 83.6 750 72.5 77.0

Part-Inc (Ours) 829 744 71.6 76.3

ICoref-inc (Xia et al., 2020) 76.7 64.0 63.4 68.0
Base All

Sent-Inc (Ours) 78.8 68.6 62.5 70.0

Table 3.2: Main results on the OntoNotes 5.0 test set. Enc. Size refers to the Encoder
Size and Inc. refers to the degree of incrementality. Note that scores for Xia et al. (2020)
and Toshniwal et al. (2020b) differ from their reported results because we re-train them
with SpanBERT-base instead of /large. The full precision and recall scores can be found

in Appendix B.

3.5 Results

3.5.1 OntoNotes

The main results for OntoNotes are shown in Table 3.2. First, SpanBERT (Joshi et al.,
2020), being non-incremental, unsurprisingly outperforms other systems, both part and
sentence incremental.

Within partly incremental systems, the ICoref model (Xia et al., 2020) performs
best, below SpanBERT by 0.4 F1. Our Part-Inc model performs comparably to longdoc
(Toshniwal et al., 2020b), only trailing ICoref by 0.7 F1 points.

The advantages of our method are more evident in the sentence-incremental evalua-
tion. Since ICoref-inc relies on SpanBERT to encode tokens and score mentions, its
performance suffers considerably when evaluated in the sentence-incremental setting. In
contrast, the Sent-Inc model effectively uses the history of previous processed sentences

and outperforms ICoref-inc by 2 F1 points. Still, both systems suffer considerably when
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Model LiGHT AMI PERS. SWITCH. Avg.

SpanBert-base (Joshi et al., 2020) 57.7 33.8 53.7 50.2 48.9

ICoref (Xia et al., 2020) 54.7 337 515 48.1 47.0
Part-Inc (Ours) 53.5 324 505 46.9 45.8
ICoref-inc (Xia et al., 2020) 45.5 219 413 36.6 36.3
Sent-Inc (Ours) 50.5 31.6 464 44.7 43.3

Table 3.3: Main results for the CODI-CRAC 2021 corpus. All scores denote the CoNLL
F1 score (average of MUC, B® and CEAFy,).

compared to their part-incremental counterparts: ICoref drops by 9 F1 points and our
model by 6.3 F1. In Section 3.6, we explore the main causes of this drop.

We perform statistical significance testing between all pairs of experimental settings
with the base encoder size, using a paired bootstrap test (Efron and Tibshirani, 1994).
We use Dror et al. (2018)’s public implementation of the bootstrap as described in (Berg-
Kirkpatrick et al., 2012). The bootstrap test fails to find statistical significance between
any experimental setting, including in Part Incremental vs. Sentence Incremental
pairings. However, there are well-known biases in the bootstrap test which may cause
it to fail. Notably, the bootstrap may fail if the test dataset is too small, as it assumes
the test set distribution exhibits little deviation from the population distribution (Dror
et al., 2018). Despite the lack of statistical significance finding, we are confident that
the scores support our conclusions, particularly the large drops in performance between
Part Incremental and Sentence Incremental settings. We also try the Permutation test
(Noreen, 1989), which in theory is better suited for small datasets, but it again fails to

find statistical significance between any experimental setting.

3.5.2 CODI-CRAC

The results on the CODI-CRAC corpus are shown in Table 3.3. We note that scores are
generally lower than in OntoNotes, reflecting the out-of-domain experimental setting,
as models are trained on OntoNotes and evaluated on CODI-CRAC. We observe many
of the same trends as in OntoNotes: the non-incremental SpanBERT again surpasses
other models, achieving 2.9 F1 higher than ICoref.

Within partly incremental systems, our Part-Inc system trails ICoref by 1.2 F1.

We omit the longdoc results from this table, after finding its performance surprisingly
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plummets when evaluated on CODI-CRAC. On all subsets, it scores below 2 Fl1,
indicating issues with model transfer. Other works have explored this topic in depth
(Toshniwal et al., 2021), and we do not investigate further here.

In the Sentence Incremental setting, although our Sent-Inc model again outperforms
Xia et al. (2020)’s ICoref-inc, the performance difference is much larger here: 7 F1
compared to 2 F1 in OntoNotes. The gap between the Sent-Inc and Part-Inc is also
much smaller: only 2.5 F1 points compared to 6.3 F1 on OntoNotes. The difference in
performances between the two datasets may suggest our model is better suited to the
inherent incrementality in a dialogue setting.

As on OntoNotes, we test statistical significance between all experimental settings
using the bootstrap test. The test again finds to find statistical significance between any
setting. As before, we note that the small test data size may cause the test to fail, and

we remain confident in our conclusions.

3.6 Analysis

The dramatic performance gap between the Sent-Inc and Part-Inc settings may be
surprising. Since coreference resolution is processed incrementally by humans, why
does access to future tokens affect the Sent-Inc model so heavily?

To investigate this issue deeper, we design additional k-Sentence-Incremental set-
tings. In each setting, the system accesses k sentences (S1,...,S;) at a time as active
input, and 512 — Zle |Sk| tokens through its cache. In each setting, the model observes
the same number of tokens (512), but varies the amount of active input vs. cache.
The mention detection and mention clustering steps remain the same and are still
incremental; the only change is in the encoder.

Varying k in this way allows us to the test the effect of more or less incrementality
on the system. When k = 1, we recover the original Sent-Inc model. When « is large
enough (in practice, 24), we get the Part-Inc model. For each k € {1,4,8,12,16,20,24},
we fully train the corresponding model on OntoNotes as described in Section 3.4, and
evaluate on the validation set.

The results are shown in Figure 3.5. There are a few notable characteristics. The
first is that as k increases, we see a much more dramatic lift when & is small (e.g. moving
from 1 to 4 sentences) compared to when k is large. This effect corresponds to the
intuition that coreferring expressions are usually close to their antecedent. The more

coreference chains the model can observe simultaneously (i.e. that avoid the cache), the
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Figure 3.5: The CoNLL F1 performance (average of MUC, B® and CEAF,,) of each

k-Sentence-Incremental model on the OntoNotes validation set.

better it is at resolving them.

The second noteworthy trend is that increasing k improves recall (9.7%) far more
than precision (3.8%). Although not shown here, we observe this trend across all three
metrics within the CONLL score (MUC, B> and CEAF, o4)- The result means that finding
and resolving true coreference links (i.e. reducing false negatives) is a far more serious
obstacle for the Sent-Inc model than for Part-Inc. Since the only difference in these
models is how many embeddings are cached, the result suggests caching or not caching

embeddings plays a large role in finding and correctly resolving mentions.

3.6.1 k-Sentence-Incremental Mention Detection

We repeat the experiment in Section 3.6 for mention detection. For each k-Sentence-
Incremental setting, we evaluate on the validation set and record the mention detection
recall, precision and F1.

The results are shown in Figure 3.6. Certain trends remain the same as for the
CoNLL score, namely that performance rises more when k is small compared to when it
is large. However, we do not see the same dramatic difference in recall between k =1 to
k = 24 settings as in Section 3.6. Here, the difference in recall between the two settings
is around 3%, whereas in Figure 3.5 it is 9.7%.

Overall, the reduced severity between k = 1 and k = 24 settings compared to Figure

3.5 most likely indicate that XILNet’s caching deficiencies affect mention clustering
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Figure 3.6: Mention Detection F1 performance of each k-Sentence-Incremental model

on the OntoNotes validation set.

(particularly false negatives) more seriously than mention detection.

3.6.2 Partitioning Document Clusters

We explore the deficiency in the previous section further, guided by the hypothesis that
XLNet relies on active inputs and cannot effectively use its caching mechanism. We
partition each document into segments of k sentences, and call the number of sentences
in each segment the ‘partition size’. Within each segment, we maintain the original
coreference links. However, we remove the coreference links between segments. For
each k-Sentence-Incremental model, we similarly partition their coreference predictions,
and evaluate against the partitioned gold labels on the OntoNotes validation set.

Each segment therefore is independent from the other, and we can measure how
reliant the model is on its active inputs by observing performance change across par-
tition sizes. For example, when the partition size is 1, the only coreference links are
intra-sentential ones. In this case, models are only evaluated on their intra-sentential
coreference resolution ability. When the partition size is large, the models are evaluated
on the documents’ original coreference chains. Since the previous experiments demon-
strated shifts in incrementality heavily affect recall, we measure the mention detection
recall and CoNLL recall score.

The results are shown in Figure 3.7. All models do well when the partition size is

one, reflecting the fact that intra-sentential coreference is generally simpler than distantly
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Figure 3.7: Evaluation results on the OntoNotes validation set when the gold labels and
k-Sentence-Incremental predictions are partitioned according to various sizes. Figure
3.7a shows the CoNLL recall scores for coreference resolution. Figure 3.7b shows the
mention detection recall scores. Notice that whenever k is equal to the partition size,
there is a noticeable performance increase, indicating that XLNet relies heavily on active

inputs rather than its cache.
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MuUC B CEAF,, Avg.
Model Rec. Prec. Fl1 Rec. Prec. Fl1 Rec. Prec. Fl F1

Sent-Inc 764 787 77.6 68.0 682 68.1 56.1 70.6 626 694
—speaker 764 79.0 777 68.0 68.6 683 563 70.8 627 695

Table 3.4: Results on the OntoNotes validation set comparing the Sent-Inc model with

and without speaker embeddings.

Model LiHT AMI PERS. SWBD. Avg.

Sent-Inc 50.6 325 485 444 440
—speaker  50.1 320 49.6 43.3 43.8

Table 3.5: Results on the CODI-CRAC dev set comparing the Sent-Inc model with and

without speaker embeddings.

linked mentions. As the partition size increases, model performance decreases as the
coreference chains become more spread apart and raise the task difficulty. Crucially, we
notice a upward performance bump whenever the partition size matches the k-Sentence-
Incremental setting, for both coreference performance and mention detection. When
k matches the partition size, the model observes coreference chains that are always
within the active input window. This performance bump therefore indicates XLNet is
much better at mention detection and coreference when the coreference chain occurs
within its active inputs. Performance suffers whenever the model must rely more on
its memory (whenever k is not equal to the partition size). In particular, these results
suggest that more powerful pre-trained language models, for example ones that can
take better advantage of cached representations, may be more successful at incremental

coreference resolution.

3.6.3 Speaker Embeddings

The [Coref-inc model from Xia et al. (2020) is an important comparison point as the only
baseline in the sentence-incremental setting. While ICoref-inc does not rely on speaker
embeddings, our own models (both Part-Inc and Sent-Inc) do. Given the important role
of speaker identity in a dialogue setting, it is useful to know the effect of removing these
embeddings in our models.

We compare the Sent-Inc model with and without speaker embeddings in Table 3.4
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MuUcC B CEAF,, Avg.
Model Rec. Prec. Fl1 Rec. Prec. Fl1 Rec. Prec. Fl F1

SpanBERT+e2e 825 843 834 758 768 763 71.7 747 73.1 77.6
XLNet+eZe 703 80.8 752 63.7 73.0 680 675 704 689 70.7

Table 3.6: Results from non-incremental methods on the OntoNotes validation set with
different pretrained language models. e2e refers to the non-incremental coreference

resolution technique from Lee et al. (2018), which is adapted in Joshi et al. (2020).

for OntoNotes, and Table 3.5 for CODI-CRAC. We find that speaker embeddings play
little to no role in resolution performance. In OntoNotes, removing speaker embeddings
improves CoNLL F1 by 0.1, and in CODI-CRAC, it decreases performance by 0.2 F1.
In both cases, the results are unlikely to be statistically significant. The finding indicates
that Sent-Inc’s advantage over ICoref-inc is not simply due to feature selection but a
true modelling advantage. It also suggests that further performance improvements are
possible if speaker identity can be better represented, since Sent-Inc effectively ignores
the speaker embeddings. One possibility from Wu et al. (2020) (which we will use in
Chapter 5), is to preprocess the text with speaker tags directly included in the input,
rather than including it separately. This way, the document encoder directly learns
how to handle speakers, instead of relying on a separate embedding in downstream

classifiers.

3.6.4 XLNet in Non-Incremental Baselines

Choosing XL Net as the document encoder is motivated by the fact that XLNet can effi-
ciently cache and reuse input, making it suitable for incremental processing. However,
XLNet can also be used non-incrementally in the same way as SpanBERT. In particular,
we can train Joshi et al. (2020)’s coreference system using XLNet instead of SpanBERT.
This experiment allows us to compare how the choice of pre-trained language model
affects performance.

Table 3.6 shows results of training Joshi et al. (2020) with an XLNet encoder instead
of SpanBERT on the OntoNotes dev set. XLLNet significantly underperforms compared
to SpanBERT, scoring almost 7 CoNLL F1 points lower. Surprisingly, XLLNet is an
effective document encoder for our Part-Incremental formulation (achieving 76.3 F1

on the OntoNotes test set), but ineffective when used in Joshi et al. (2020)’s non-



Chapter 3. Sentence-Incremental Neural Coreference Resolution 55

incremental setup. We do not attempt swapping the fine-tuned XLNet into Toshniwal

et al. (2020b) or Xia et al. (2020) as it seems unlikely to yield useful results.

3.7 Conclusion

In this chapter, we propose a sentence-incremental coreference resolution model using
a shift-reduce formulation. The model delays mention clustering until the full span has
been observed, alleviating a key flaw with previous incremental systems. It efficiently
processes text, and avoids scoring a quadratic number of spans during mention detection.
In a sentence-incremental setting, our method outperforms strong baselines adapted
from state-of-the-art systems. When access to the full document is allowed, the proposed
system achieves similar performance to state-of-the-art methods while maintaining a
higher level of incrementality. We investigate why this relaxation has such a dramatic
effect, finding that the document encoder does not make effective use of its cache.
Our sentence-incremental results suggest an important point: non-incremental
methods are not effective tools when they must be used incrementally. Incremental
systems that perform as well as non-incremental ones have significant implications for
downstream applications where text is received incrementally, such as dialogue systems
or conversational question answering (e.g. Andreas et al. 2020; Martin et al. 2020).
Our proposal demonstrates an important step towards highly effective, incremental
coreference resolution systems. In the following chapter, we experiment with more

powerful seq2seq approaches using larger pre-trained language models.



Chapter 4

Efficient Seq2seq Coreference
Resolution Using Entity

Representations

This chapter explores a different paradigm for learning coreference, using seq2seq
models. The seq2seq approach directly maps text to text, with the output string encap-
sulating coreference predictions for the input document. It represents a fundamentally
distinct approach from the encoder-based approach we explored in Chapter 3, which fo-
cuses on creating span representations corresponding to mentions. Seq2seq approaches
avoid creating span representations entirely, and leverage large pre-trained models with-
out fine-tuning task-specific parameters. These design choices lead to state-of-the-art
performance on benchmark datasets such as OntoNotes (Weischedel et al., 2013).

Figure 4.1 shows the expected predictions of two recent seq2seq coreference systems,
Link-Append (Bohnet et al., 2023) and Token Action (Zhang et al., 2023), on the given
input “Auto workers ended their strike”. Both systems output a sequence of tokens
corresponding to coreference predictions. In the Link-Append system, this output
is a sequence of transition actions corresponding to coreference predictions, such as
linking “their” to “Auto workers” with a right arrow (—) token. In Token Action, the
output is the input document, augmented with special tokens corresponding to mention
boundaries and cluster IDs. In both cases, the seq2seq model is trained to output a
token sequence corresponding to the correct coreference prediction. In this chapter, we
extend Zhang et al. (2023)’s Token Action model, which we will describe more fully in
Section 4.3.1.

In this chapter, we examine how discourse representations can benefit the seq2seq

56
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Model Prediction

Link-Append their — Auto workers ; their strike — [ 2 ; SHIFT
Token Action <m> Auto workers | 0 </m> ended <m> <m> their | 0 </m>

strike | 1 </m>

Figure 4.1: Expected labels for the input “Aufo workers ended their strike” from the
Link-Append (Bohnet et al., 2023) and Token Action (Zhang et al., 2023) systems. In the
top cell, Link-Append links “their” to its antecedent “Auto workers” (creating cluster 1),
assigns the span “their strike” to cluster 2, then terminates with the special SHIFT token.
In the bottom cell, the Token Action system marks mentions with special <m> and </m>,
assigning spans “Auto workers” and “their” to cluster 0 and “their strike” to cluster 1. We

describe Zhang et al. (2023) more formally in Section 4.3.1.

approach. Similar to Chapter 3, we hypothesize that building a discourse represen-
tation is an efficient and effective strategy for seq2seq approaches to incremental
coreference resolution. In this chapter, we represent the discourse as a list of entities,
stored as plain text strings. Our method works by extracting and re-organizing mention-
level tokens into entity representations, and discarding the majority of other input tokens.
Our method’s ability to re-organize and compress inputs means it efficiently handles
incremental coreference resolution, differing from prior methods which must re-input
the entire output at each step. However, our proposed model underperforms against
non-incremental models, and we point to artifacts in the OntoNotes annotation scheme,
namely the lack of singleton annotation, as a major factor in this result. On LitBank,
where singleton mentions are annotated, our models pass state-of-the-art performance.
Our results indicate that building a discourse model based on entities is a feasible

strategy for incremental coreference resolution in seq2seq resolvers.

4.1 Introduction

Seq2seq approaches to coreference resolution have reached state-of-the-art abilities
on coreference benchmarks and have put forward an exciting new direction for the
task (Bohnet et al., 2023; Zhang et al., 2023). In this chapter, we are interested in an
incremental setting, where the model receives the text piece-by-piece and must detect

mentions and compute coreference relations in the given chunk of text before receiving
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the next one. This setting more closely imitates human language processing, which is
strongly incremental (Altmann and Steedman, 1988; Christiansen and Chater, 2016).
Real-world settings such as dialogue are inherently incremental and would benefit from
advances in this domain.

In an incremental setting, existing seq2seq approaches are largely unsatisfying:
Bohnet et al. (2023) requires the entire output to be re-input for each new sentence
in the discourse, while Zhang et al. (2023) assumes the entire document is static and
always available. These limitations motivate us to explore a seq2seq solution that can
efficiently perform coreference in an incremental setting.

We hypothesize that re-inputting the entire output at each iteration may be unneces-
sary for incremental coreference resolution, and that condensing the output text may
suffice. Using Zhang et al. (2023)’s seq2seq model as a starting point, we propose an
Model-based Incremental representation. For each new text chunk, we only re-input
text spans corresponding to predicted entities, and discard tokens outside of these spans.
Entities are then re-ordered such that newly mentioned entities appear at the rightmost
position of the entity list.

Our model represents a fundamentally different approach to prevailing language
modelling trends: we aggressively discard tokens from the context window, and instead
keep a “memory” representing the current state of the document, corresponding to a
discourse model.

On OntoNotes (Weischedel et al., 2013), we find that our method achieves just 0.7
CoNLL F1 below a full-prefix, incremental baseline based on Zhang et al. (2023) while
reaching almost twofold compression in the input length. We find similar results on
CODI-CRAC, where our proposed model-based approach slightly underperforms the
non-incremental baseline. On LitBank, our model’s performance surpasses contempo-
rary methods, while slightly lagging behind the Full-prefix baseline by 0.8 F1.

Finally, we analyze model errors on the validation set. We find that the incremental
setting affects the model’s ability to accurately predict coreference for named entities
and definite noun phrases on OntoNotes. We hypothesize that incremental processing is
particularly difficult on OntoNotes as the dataset does not annotate singletons, resulting
in an unfavourable source of noise. This finding is reinforced by our results on LitBank,
which includes singleton annotation and where we do not see this effect. In the Model-
based Incremental model, we find the loss of context in the Model-based representation
hurts recall performance in cases involving deixis (for example, the authorial “We”

referring to “CNN” in a news piece).
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Incremental:

<m><m>Wetland Park | 0 </m>workers | 1 </m>are now in the middle of intensive
work.<m>They | 1 </m>will complete <m>the park’s | 0 </m>entire construction by
the beginning of <m>2006 | 2 </m>, to be able to participate in <m>the <m>2006 |
2 </m>Discover Hong Kong Year campaign | 3 </m>. We have <m>established |
4 </m><m>the year 2006 | 2 </m>as Discover Hong Kong Year. Why is <m>that
| 4 </m>? Because, as everyone knows, <m>our Disneyland | 5 </m>will open in
September of <m>this year | 2 </m>. In addition, we will have Ngong Ping 360,
that is, the cable car, er, to the Giant Buddha. <target>They add to what we already
have, like the Avenue of Stars, which is also very famous. Moreover, er, we are
including our software. Hong Kong’s software is very well known. Like what’s used
in our Symphony of Lights. We hope to use, er, a variety of hardware and software to
package this entire 2006 Discover Hong Kong Year. Without planning it in advance,
they chose to settle here. A dream that has been anticipated for more than twenty
years will soon come true here.</target>

Model-based Incremental Representation:

<context>Because, as everyone knows,<m>our Disneyland | 5 </m>will open in
September of <m>this year | 2 </m>. In addition, we will have Ngong Ping 360,
that is, the cable car, er, to the Giant Buddha. </context> <target>They add to what
we already have, like the Avenue of Stars, which is also very famous. Moreover,
er, we are including our software. Hong Kong’s software is very well known. Like
what’s used in our Symphony of Lights. We hope to use, er, a variety of hardware and
software to package this entire 2006 Discover Hong Kong Year. Without planning
it in advance, they chose to settle here. A dream that has been anticipated for more
than twenty years will soon come true here.</target>

Label:

They add to what we already have, like the Avenue of Stars, which is also very
famous. Moreover, er, we are including <m>our software | 6 </m>.<m><m>Hong
Kong’s | 7 </m>software | 6 </m>is very well known. Like what’s used in our
Symphony of Lights. We hope to use, er, a variety of hardware and software to
package <m>this entire 2006 Discover Hong Kong Year | 3 </m>. Without planning
<m>it | 8§ </m>in advance, they <m>chose | 8 </m>to settle here. A dream that has
been anticipated for more than twenty years will soon come true here.

Figure 4.2: Top: An example of the Full-prefix incremental setting. The text in blue
represents previously labelled chunks. The model will predict coreference clusters in
the next chunk, enclosed by <target> and </target> tokens. Middle: An example
from the Model-based Incremental representation. Mentions from the same cluster are
grouped together and labelled with their cluster identity. The fixed-length context, shown
in blue, consists of previously labelled sentences as in the incremental setting. Bottom:
The expected output for this sample.
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4.2 Related Work

Our proposed method directly builds on recent seq2seq methods for coreference resolu-
tion (Bohnet et al., 2023; Zhang et al., 2023). In these methods, an encoder-decoder
model learns to directly map input text to a labelled text representing coreference pre-
dictions. The two methods differ both in their annotation schema as well as the general
procedure for processing the document.

Zhang et al. (2023)’s method explores several annotation schemas for coreference
resolution. Each schema considers a set of added special tokens, corresponding to
decisions such as marking mention boundaries and making a clustering prediction. They
fine-tune models from the TS5 family (Raffel et al., 2020) to encode the input document
and generate an annotated document corresponding to cluster predictions. Notably,
their method assumes the entire document is always available and they do not explore
incremental settings. We will describe their method in more detail in Section 4.3.1.

Similarly, Bohnet et al. (2023) fine-tune the mT5 encoder-decoder model (Xue
et al., 2021) to output text corresponding to coreference predictions. Unlike Zhang
et al., Bohnet et al. processes text sentence-by-sentence in a transition-based approach.
The set of actions include steps such as appending to an existing entity cluster, linking
directly to a previous text span, or creating a new entity. After each action, the system
re-inputs the entire output again as context, meaning computation costs rise considerably
for long documents.

In Chapter 3, we explored entity representations which maintain a set of hidden
representations corresponding to each entity cluster (Yu et al., 2020; Toshniwal et al.,
2020b; Xia et al., 2020; Xu and Choi, 2022; Grenander et al., 2022), with similar
approaches in cross-document coreference resolution (Allaway et al., 2021; Logan IV
et al., 2021). In contrast to seq2seq approaches, these methods are generally less
accurate and more complex. They require additional task-specific parameters alongside
the base encoder, as well as a separate mention detection step (Yu et al., 2020; Toshniwal
et al., 2020b; Xia et al., 2020; Xu and Choi, 2022; Grenander et al., 2022), or gold
mentions as input (Allaway et al., 2021; Logan IV et al., 2021).

Our method of compressing and simplifying processed inputs is motivated by
cognitive theories of human language processing such as File-Change Semantics (Heim,
1983), as described in Section 2.1. Heim argues that discourse processing can be
regarded as “file-keeping”, in which file cards keep track of entities and their properties

in each discourse segment. New file cards are either added or existing ones updated
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as new entities are encountered or new information about them becomes available.
Our approach can be seen as implementing a simplified version of this theory, without
predicates.

More recently, the Now-or-Never bottleneck (Christiansen and Chater, 2016) pro-
poses that humans rapidly compresses and re-codes language as it is encountered. They
argue that the speed humans understand language suggests it is compressed and re-
organized, or otherwise forgotten. Although their mechanism differs from ours, we
apply this compression principle in our approach.

Many methods for efficient coreference resolution exist; however, most focus on
improving the dominant “End-to-End” approach (Lee et al., 2017). For example,
Dobrovolskii (2021), Martinelli et al. (2024) and Kirstain et al. (2021) improve the
efficiency of span representations to ease span comparisons. These methods are not
applicable to seq2seq approaches such as Zhang et al. and Bohnet et al.. Ahmed et al.
(2023) focus on efficiency in event coreference resolution but their method largely does
not apply to entity resolution.

Outside of coreference, Nawrot et al. (2024) look at retrofitting LLMs to dynamically
pool and compress tokens as they are predicted. Although their motivation is very similar
to ours, their technique focuses on decoder-only architectures in language modelling,

and does not result in an interpretable discourse model as in our approach.

4.3 Method

We first describe Zhang et al. (2023)’s seq2seq approach (4.3.1), which serves as the
basis for our proposal. We then describe how we incrementalize their model to provide
a comparable baseline in Section 4.3.2. Finally, in 4.3.3 we explain how we simplify

and compress the input using the Model-based Incremental representation.

4.3.1 Seq2seq Coreference Resolution

Zhang et al. (2023) frames coreference as a text-to-text task, which takes the document
as input and outputs the same document annotated with mention boundaries and corefer-
ence relations. Here, we describe their Token Action formulation, referring the reader
to Zhang et al. (2023) for other settings.

Token Action augments the vocabulary with special tokens marking mention bound-

aries and cluster predictions. Given a mention (x; ... x;) referring to entity cluster /1,
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the model outputs:

<m>Xx; ... Xj | [ </m>

where <m> and </m> are special tokens marking the mention start and end, and | is a
special token preceding cluster predictions. The cluster prediction is always an integer
greater or equal to 0.

At inference time, the model’s output probabilities are modified to either output the
next token from the document or special tokens. The outputs are constrained to always

form valid coreference predictions, e.g. | must precede /;.

4.3.2 Full-Prefix Incremental Baseline

In Zhang et al. (2023)’s seq2seq formulation, the entire document is encoded in a
single pass, with the assumption that the entire document is statically available. As
discussed previously, this assumption may not hold for various reasons, such as in
dialogue applications. Here, we adapt a full-prefix, incremental baseline where the
model receives a text chunk and must compute potential mentions and coreference
relations before receiving the next text chunk.

We assume the model has been divided into text chunks [cy,...,cy], and we denote
cn’s labelled sequence as ¢,. Given text chunk c,, we concatenate all previously labelled
text chunks, then append c,, as the target chunk. We introduce special <target> and
</target> tokens, which indicate the beginning and end of the target chunk. After
processing text chunk ¢, and generating predictions ¢,, the input for the next chunk
Cn+1 18

C1... ¢, <target> ¢, 1</target>

At test time, we replace each labelled chunk ¢; with the model’s own predictions. An
example of the incremental setting is shown in Figure 4.2.

Note that Bohnet et al. (2023) predict coreference relations incrementally in a similar
setup. The main difference lies in their transition actions, which allow the model to

predict cluster identities, directly link mentions, or create a singleton mention.

4.3.3 Model-based Incremental Representation

After processing each text chunk, the Model-based Incremental representation com-
presses the model outputs, keeping tokens from mention spans and discarding all others.

Each entity is represented by its mentions’ tokens, including mention bound tokens <m>
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and </m>. It is then demarcated with special <e> and </e> tokens, e.g., an entity with

mentions [my,...,my] with cluster ID /; will be:
<e><m> my </m> ... <m> my</m>| [} </e>

New mentions are either appended to their referent cluster or initialized as a new cluster.

We would also like the representation to reflect the notion that recently mentioned
entities tend to be more salient in the discourse (Grosz et al., 1995). After an entity
is mentioned, we promote it to the rightmost position of the representation. This re-
ordering signals to the model which entities are likely to be relevant to the current
discourse.

We hypothesize that in some cases, solely tracking entities may not provide sufficient
context to resolve new mentions. We experiment with adding a limited context window
of previously labelled sentences immediately preceding the target chunk, marked with
special <context> and </context> tokens. Sentences beyond the window are dropped.

To summarize, suppose after chunks cy,...,c,, the model has observed entity

clusters [1...K]. Then the input representation for target ¢, is:

<e>... |l </e>...<e>...|Ilg</e>
<context> ¢, </context>

<target> ¢,y </target>

where ¢, consists of the annotated sentences immediately preceding ¢, up to some

fixed window length. An example is shown in Figure 4.2.

4.4 Experiments

4.4.1 Datasets

As in Chapter 3, we train and evaluate our proposed method using the OntoNotes dataset
(Pradhan et al., 2012). We also train and evaluate on the LitBank dataset (Bamman
et al., 2020), as described in Section 2.2.2.3. The dataset contains 100 documents
covering literary text extracts, each containing over 2000 tokens on average. Unlike
OntoNotes, LitBank includes singleton annotation. We perform the suggested 10-fold
cross validation with an 80-10-10 train-validation-test split, due to the dataset’s small

size. Lastly, we include results on the CODI-CRAC 2021 corpus, as in Chapter 3.
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4.4.2 Metrics

As before, we follow the standard evaluation in the CoNLL-2012 Shared Task (Pradhan
et al., 2012) and report MUC (Vilain et al., 1995), B3 (Bagga and Baldwin, 1998) and
CEAF, (Luo, 2005) metrics and their average (the CoNLL score).

4.4.3 Comparisons

For all experiments, we use the TO model (Sanh et al., 2022b), a 3B parameter encoder-
decoder model based on TS5 (Raffel et al., 2020). All models are implemented using the
Hugging Face library (Wolf et al., 2019).

4.4.3.1 Non-Incremental

As a first baseline and for reproducibility, we re-train Zhang et al. (2023)’s non-
incremental Token Action model using TO. This experiment allows us to more directly

compare non-incremental and incremental settings.

4.4.3.2 Full-Prefix Incremental Baseline

We incrementalize the Token Action model using the method described in Section 4.3.2.

We set the chunk size to 100 tokens, rounded up to the nearest sentence.

4.4.3.3 Model-based Incremental

We compress the inputs using the Model-based Incremental representation described
in Section 4.3.3. As in the incremental baseline, we set the chunk size to 100. We
experiment with varying the context length across {0,50,100,200}. Using 0 context
tokens examines an extreme case where only the mention spans and cluster identities

are available to the model.

4.4.3.4 Other Baselines

We include Zhang et al. (2023)’s highest performing Copy method which uses the 11B
parameter TO,, model (Sanh et al., 2022b), as well as Bohnet et al. (2023)’s Link-
Append model, which uses the 13B parameter mT5 model (Xue et al., 2021). We also
compare against several contemporary non-seq2seq baselines, which typically extend
Lee et al. (2017)’s "End-to-End" approach. Lastly, we include an LLLM-based approach
(Le and Ritter, 2024).
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Model MUC B®* CEAF,, Avg. Fl
GPT-4 (Le and Ritter, 2024) 737 62.7 52.3 62.9
SpanBERT (Joshi et al., 2020) 853 78.1 75.3 79.6
CorefQA (Wu et al., 2020) 88.0 822 79.1 83.1
s2e+Longformer (Kirstain et al., 2021) 85.8 79.1 76.1 80.3

wl-coref+RoBERTa (Dobrovolskii, 2021) 86.3  79.9 76.6 81.0

ASP + Flan-T5xxp. (Liu et al., 2022) 872 817  78.6 82.5
Link-Append (Bohnet et al., 2023) 87.8 82.6 79.5 83.3
Copy + TOpp (Zhang et al., 2023), 87.6 824 79.5 83.2

Token Action + TOsg (Zhang et al., 2023) 87.2 81.5 78.5 82.4

Token Action + TO3g, Non-Incremental 87.0 81.0 78.2 82.0
Full-Prefix Incremental 85.5 179.0 74.3 79.6
Model-Based Incremental, Context O 84.6 773 72.3 78.1
Model-Based Incremental, Context 50 84.8 78.0 73.3 78.7

Model-Based Incremental, Context 100 85.1 78.2 73.4 78.9
Model-Based Incremental, Context 200 85.0 782 73.5 78.9

Table 4.1: Results on the OntoNotes test set. The bottom section shows our baselines
and proposed methods. The full precision and recall scores can be found in Appendix
C.1.

4.4.3.5 Training

For all experiments, we use the same hyperparameters as in Zhang et al. (2023)’s Token
Action model. We train each model for 30 epochs using the Hugging Face Transformers
library (Wolf et al., 2019) on 4 NVIDIA RTX A6000 48 GB GPUs. Each training run
takes ~24 hours. Note that Zhang et al. (2023) train for 100 epochs, and we do not

expect our reproduced baseline to fully recover their scores.

4.5 Results

4.5.1 OntoNotes

Table 4.1 shows our main results on the OntoNotes test set. First, we note that our

reproduction of Zhang et al.’s Token Action scores 0.4 CoNLL F1 below them. As
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mentioned, the difference may be attributed to training epochs, as Zhang et al. train their
models for 100 epochs. while we train for 30 epochs due to computational limitations.

The Full-Prefix baseline scores 2.4 F1 points lower than the non-incremental
counterpart. The model sees very little degradation in precision scores, improving
on the baseline by 0.6 and 0.7 on MUC and B>, and dropping 0.2 on CEAFy,. The
decrease is mostly in recall performance, where the gap is 3.6, 4.7 and 7.2 for MUC, B
and CEAF, respectively. CEAFy, is an entity-focused metric, and the large recall gap
suggests that the Full-Prefix baseline tends to miss entire entities relative to the baseline,
rather than individual mentions.

The drop in recall scores is unsurprising due to the challenging incremental setting.
This baseline receives chunks of document at a time, and once a decision on anaphoricity
has been made, it cannot be revisited after receiving the next chunk. In contrast, Zhang
et al. (2023)’s non-incremental model observes the entire document simultaneously, and
can decide more easily if distant mentions co-refer.

The Model-based Incremental representation slightly underperforms compared
to the Full-Prefix baseline, but overall achieves very close scores. We find 100 context
tokens performs best, achieving only 0.65 CoNLL F1 below the Full-Prefix baseline.
Compared to the Full-Prefix baseline, improvements in precision are slightly offset
by declines in recall performance across all three metrics. The biggest drop is from
CEAF, recall, where the Model-based Incremental model scores 2 points lower.

Using 200 context tokens provides no further gains compared to using 100 context
tokens. This result suggest that some context is important for the Model-based Incre-
mental representation, but its usefulness saturates after a point. On the other hand, using
no context at all achieves the lowest score. Impressively, it only suffers a 1.5 CoNLL
drop relative to the Full-Prefix baseline, despite discarding all tokens outside of mention
spans.

As in Chapter 3, we perform statistical significance testing using Dror et al. (2018)’s
bootstrap implementation between all pairs of settings (Non-Incremental, Full-Prefix
Incremental and Model-Based Incremental settings). As in Chapter 3, the test fails to
find statistical significance, likely due to small test data size. We again believe that the
bootstrap result does not impact our conclusions, but rather reflects the difficulty of
evaluating on small test datasets.

We note that Bohnet et al.’s Link-Append and Zhang et al.’s Copy + TOp, model
outperform all settings. Their underlying encoder-decoder models are significantly

larger than our own: Bohnet et al. uses the 13B mT5 model (Xue et al., 2021), while
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Model MUC B® CEAF,, Avg.
Joshi et al. (2020) 89.5 1782 67.6 78.4
Toshniwal et al. (2021) - - - 79.3
Zhang et al. (2023) - - - 78.3
Non-Incremental 88.8 775 68.3 78.2
Full-Prefix Incremental 90.3 80.3 71.6 80.7

Model-Based Incremental, Context=100 89.9 79.0 70.9 79.9

Table 4.2: Results on the LitBank test set. Joshi et al. (2020) is reported by Thirukovalluru
et al. (2021).

Model LIGHT AMI PERS. SwBD. Avg.

SpanBert-base (Joshi et al., 2020) 57.7 33.8 53.7 50.2 489

ICoref (Xia et al., 2020) 54.7 33.7 51.5 48.1 47.0
Part-Inc 53.5 324  50.5 46.9 458
Non-Incremental 76.7 36.3 69.3 62.4 60.8

Model-Based Incremental, C=100  72.9 41.8 63.6 60.1 594

Table 4.3: Results on the CODI-CRAC 2021 corpus. All scores denote the CoNLL F1
score (average of MUC, B® and CEAF,).

Zhang et al.’s uses the 11B TO,, model (Sanh et al., 2022b). Our experiments with
the TO model uses 3B parameters with a similar amount of pre-training data as other
TS5 models. Similarly, we do not report results from Chapter 3 on OntoNotes. The
XLNet-base encoder used in Chapter 3 only holds 110M parameters and the scores in

Chapter 3 are expectedly lower.

4.5.2 LitBank

Our results on LitBank are shown in Table 4.2. The Full-Prefix baseline and Model-
based Incremental model achieve the highest scores among available systems, with the
Model-based Incremental model scores 1.6 CoNLL F1 higher than Zhang et al. (2023).
It drops slightly (—0.8 F1) in performance relative to the Full-Prefix baseline, as on
OntoNotes. Interestingly, the performance drop in OntoNotes between incremental

and non-incremental systems is not repeated in LitBank, which we explore further in
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Section 4.6.4.

4.5.3 CODI-CRAC

Our results on the CODI-CRAC 2021 corpus are shown in Table 4.3. We are unable to
report the Full-Prefix Incremental baseline scores as its highly memory-intensive nature
prevents us from running it with our available GPUs. Although overall, CODI-CRAC
averages fewer tokens per document than LitBank, the AMI corpus within CODI-CRAC
consists of 6K tokens per document (Khosla et al., 2021), which is too large for our
resources.

We observe the non-incremental baseline surpasses the Model-Based approach,
scoring 1.4 CoNLL F1 higher on average across the four datasets in CODI-CRAC,
echoing the results on OntoNotes. However, we note that differences across the four
datasets are unequal: while the Non-Incremental baseline is 5.7 F1 higher on PERSONA,
the Model-Based Incremental system surpasses the baseline by 5.5 F1 on AMI. As
noted before, AMI’s texts are far longer than the other datasets in CODI-CRAC. This
feature may advantage the Model-Based approach, as the compression approach allows
it to significantly reduce the context size.

We test for statistical significance between the Non-Incremental and Model-Based
Incremental settings using the bootstrap test. As before, the test fails to find statistical
significance, again possibly reflecting the small dataset size.

We report the methods and compared baselines from Chapter 3 for completeness;
however, these methods should not be directly compared to the other methods in this
chapter as their encoder-based architectures only contain 110M parameters. The TO3p
encoder-decoder model we use throughout this chapter uses 3B parameters, and it is not

reasonable to expect matching performance.

4.6 Analysis

4.6.1 Compression Ratio

Since the Model-based Incremental model only keeps a fraction of the total input at
each iteration, its input length grows much slower as new chunks are processed. Here,
we quantify the reduction in size of the Model-based Incremental model’s inputs relative
to the Full-Prefix baseline. We define the compression ratio (CR) as the ratio of the

Full-Prefix baseline’s input length to Model-based Incremental’s input length on the
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Figure 4.3: Compression Ratio experiments on the OntoNotes validation set.

Model Peak Mem. (GB) Peak Mem. w/o
Fixed Costs (GB)

Non-Incremental 18.1 7.4
Full-Prefix Incremental 16.2 5.5
Model-based Incremental, C=100 14.5 3.8

Table 4.4: GPU memory usage on the LitBank validation set, fold 0. The ‘Peak Mem.
w/o Fixed Costs’ column subtracts the memory cost of the TO encoder-decoder model,

which is constant across the three settings.

last target chunk of each document. We compute the ratio for each document in the
OntoNotes validation set, and report the average in Figure 4.3.

The highest performing Model-based Incremental model, using 100 context tokens,
achieves CR=1.8 while scoring 0.75 F1 points below the Full-Prefix baseline. On the
right side of the figure, higher compression is achieved at the expense of performance:
when no context tokens are used, the Model-based Incremental representation achieves

CR=2.1 while retaining 97.7% of Full-Prefix baseline performance.

4.6.2 GPU Memory Usage

More practically, we can also ask whether the Model-based Incremental model reduces

GPU memory usage compared to other baselines. Since the Model-based Incremental



Chapter 4. Seq2seq Coreference Resolution Using Entity Representations 70

MuUC B CEAF,, Avg.
Setting Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. Fl F1

Model-Based Rep. 86.5 82.2 843 80.6 753 779 792 685 78.6 78.6
Document Order 87.1 81.6 843 813 744 777 795 678 784 784

Table 4.5: Results on entity ordering on the OntoNotes validation set. Model-Based Rep.
refers to the regular Model-based Incremental representation, while Document Order

drops the entity re-ordering step.

model requires keeping less tokens in context, we expect GPU memory usage should
decrease. We use the torch.cuda.memory._record_memory_history function in
PyTorch to record GPU memory usage while running inference, then run the Non-
Incremental, Full-Prefix Incremental and Model-based Incremental (C=100) models
on the LitBank, fold 0 validation set. We inspect the memory usage' to determine
maximum memory usage as well as the memory footprint of the models themselves (i.e.
without processing documents).

Table 4.4 shows the GPU usage of the three settings. On the right column, we only
consider the cost of document processing, i.e. without the fixed cost of the model itself,
which is constant (10.7 GB) across the three settings. Comparing the non-incremental
and Model-based Incremental models, maximum GPU usage decreases from 7.4 to 3.8
GB, representing a 1.9x reduction, similar to our compression ratio analysis. The result
shows that the Model-based Incremental system is a practical method for reducing GPU

memory usage.

4.6.3 Entity Ordering

The Model-based Incremental model dynamically re-orders entities each time a mention
is detected. We analyze the contribution of this step by ablating the re-ordering step.
We train the model as usual with 100 context tokens, but instead of re-ordering, we
keep entities in the same order as they appear in the document. The result is shown in
Table 4.5.

We find that entity re-ordering has a small effect, lifting the CoNLL F1 score by 0.2.
We also evaluate the ‘Document Order’ ablation on the test set and find a larger drop of

0.45 CoNLL F1 relative to the Model-based Incremental model, indicating it plays a

Uhttps://docs.pytorch.org/memory_viz
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Figure 4.4: Mentions correctly predicted by the non-incremental model but missed by
the Full-Prefix Incremental model, separated by syntactic category and string overlap

with antecedent.

small effect in coreference performance.

4.6.4 Sources of Error in Incremental vs. Non-Incremental Settings

In our OntoNotes results, we find a 2.5 F1 point gap between incremental and non-
incremental settings. While not directly comparable, Bohnet et al. (2023)’s system does
not suffer from any performance gap compared to Zhang et al. (2023)’s non-incremental
model, despite also implementing an incremental setting. This observation leads us to
examine the main sources of error in our Full-Prefix baseline.

We collect all mentions in the OntoNotes validation set that are correctly detected by
the non-incremental baseline but missed by the Full-Prefix model. Inspired by Otmazgin
et al. (2023), we divide mentions into four broad syntactic categories: (1) named entities,
(2) pronouns, (3) indefinite NPs and (4) definite NPs.2 For each mention, we further
record whether the mention’s direct antecedent is an exact string match, a partial string
match? or otherwise has no string overlap. For example, the mention he with antecedent
John will be marked as a pronoun with no overlap to its antecedent, while mention

John with antecedent John Doe will be marked as a named entity with partial overlap to

2We use the OntoNotes gold POS tags and set of simple heuristic rules to assign each mention to its
syntactic category.
3We record a partial string match if either the mention or its antecedent are substrings of each other.



Chapter 4. Seq2seq Coreference Resolution Using Entity Representations 72

its antecedent. Since the first mention of an entity has no antecedent, we record these
mentions as a separate category.

The results are shown in Figure 4.4. Named entities and definites dominate the
missed mention set, accounting for 76% of all mentions. Although certain categories
are not easy to remedy, such as definite noun phrases with no overlap to their antecedent,
we expect other categories, such as named entities with exact match, to be relatively
straightforward. Assuming their antecedent is also missed, named entities and definite
noun phrases with exact or partial matches to their antecedent account for 40% of
missed mentions.

This error type reflects a fundamental difficulty of incremental settings: the model
must decide early on in a text whether a given span of text is likely to be involved in
coreference and cannot revisit the decision in later chunks. The OntoNotes annotation
schema compounds this difficulty: a mention is only marked if it co-refers with another
mention in the text, rather than if it simply could be the target of coreference. These
“singleton” mentions are occasionally annotated in other coreference datasets (Uryupina
et al., 2016; Yu et al., 2022a; Bamman et al., 2020), and we note that we do not
experience this drop in performance on LitBank, which includes singletons. This
artifact means the model does not learn whether a given span of text could be the target
of coreference but rather whether it is likely to have been annotated as such in the
current document. We suspect this error type is a major cause of lower recall scores, in
particular the entity-focused CEAFy, metric.

Interestingly, Bohnet et al. (2023) does not seem to suffer similarly, despite also
being an incremental model. We suspect this difference is due to their distinct set of
transition actions. Bohnet et al. (2023) allows for a ‘Link’ action, which marks two text
spans as co-referring without first creating a mention. However, the technique cannot
be extended to our Model-based Incremental representation, as it requires keeping the
entire document in context at all times.

Lastly, we carry out oracle experiments on adding back gold coreference links to
the Full-Prefix model across several steps: (1) named entities that are exact matches
of their antecedent, (2) named entities that are partial matches of their antecedent, (3)
definite noun phrases that are exact matches of their antecedent, and (4) definite noun
phrases that are partial matches of their antecedent.

The results are shown in Figure 4.5. At each step, the CoNLL F1 increases, with
the largest increase (1.2 F1) coming from adding exact match named entities. After

adding back gold mentions across all four steps, the resulting CoNLL score equals the
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Figure 4.5: Results on the OntoNotes validation set after adding gold coreference links
corresponding to specified syntactic categories. Non-Inc.=Non-Incremental, EM=Exact
Match, PM=Partial Match, NE=Named Entities, Def.=Definite noun phrases.

non-incremental baseline’s performance.

4.6.5 NER-Augmented Inference

Since our results show that simply adding named entities with an exact string match
to their antecedent can significantly improve performance, we carry out two further
oracle experiments on adding NER information to the Full-Prefix model during infer-
ence. In both approaches, we augment the Full-Prefix model’s predicted clusters with
information from the gold NER labels in OntoNotes.*

Our first method involves forcibly marking NER spans at inference time. During
inference, if the current token is the left bound of a mention in the NER annotation
layer, we make the model generate a mention start token <m>. We then allow the model
to continue generating as normal, including the mention end token </m> and the cluster
ID.

The second approach takes a more conservative approach to augmenting predicted

mentions. After running inference as usual, we add all mentions in the NER annotation

“We provide additional information on the types of NER labels in Appendix C.2.
>We also experimented with forcing the mention end token but found it did not lead to better results.
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Model Precision Recall Fl1

Non-Incremental Baseline 82.4 824 824
Full-Prefix Incremental 82.0 76.8 79.3
+ NER Forced Mention Start 80.5 78.6 79.6
+ NER Exact String Match 81.4 78.1  79.7
+ Pseudosingletons, 30K 81.7 782  79.9
+ Pseudosingletons, 60K 81.0 80.0 80.5

Table 4.6: CoNLL scores after augmenting inference with NER labels and pseudosingle-

tons in the Full-Prefix setting. The full scores can be found in Appendix C.2.

layer that are either (1) exact string matches of each other or (2) an exact string match
with a previously detected mention.

The results on the OntoNotes validation set are shown in Table 4.6. We find that
improvements in F1 score are very slight. Although recall scores increase, precision
scores across all three metrics decrease. The decrease in precision is particularly
surprising, since we expect the method to only add high-quality exact match named
entities.

We analyze errors made by the second approach on 20 documents in the OntoNotes
validation set. We find that in 40% of cases, the mention in the NER layer occurs within
the coreference layer mention; e.g. if the coreference layer contains post-modifiers such
as “Nelson Mandela” vs. “Nelson Mandela, who was an anti-apartheid activist”.

In another 40% of cases, we find the annotators miss marking two exact match
named entities. This annotation error is particularly noticeable when the named entities
occur far from each other.

The remaining 20% of errors occur due to inadvertently including named entities
in copular relations, e.g. “My mother was Thelma Wahl”. The OntoNotes annotation
schema only includes the left side of copular relations, meaning named entities on the
right side should not be included.

The success of prior models in predicting the noise in long-distance named entity
coreference annotations suggests, to some degree, that they have learned a model of
idiosyncrasies in OntoNotes annotations rather than to superior performance as a model

of coreference itself.
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4.6.6 Training with Pseudosingletons

Another potential solution to address OntoNotes’ lack of singleton annotation is to
augment the training dataset with predicted singleton mentions. We experiment with
Toshniwal et al. (2021)’s approach with labelling pseudosingletons using a trained
mention detector. Toshniwal et al. (2021) use the longdoc model based on the non-
incremental SpanBERT encoder (Joshi et al., 2020) to score all text spans in each
document in OntoNotes, based on which are likely to be mentions. Pseudosingletons
are then selected from the top-scoring spans outside of gold mentions. Since the true
number of singletons is unclear, they experiment with adding 30K, 60K or 120K pseu-
dosingletons, and publicly release the annotations. Using their labels, we experiment
with adding 30K and 60K pseudosingletons. In each experiment, we augment the
OntoNotes training dataset with pseudosingletons, then train the Full-Prefix Incremental
model as normal on the augmented dataset.

The results are shown in Table 4.6. Similar to the NER-augmented inference
approaches discussed in the previous section, we find that adding pseudosingletons
results in a small increase in F1, and gains in recall are offset by losses in precision. The
best-performing setting, with 60K pseudosingletons, results in a 3.2% increase in recall
but a 1.0% decrease in precision. Overall, augmenting OntoNotes with pseudosingletons
improves over NER-augmented methods, but still underperforms compared to the non-
incremental baseline.

As in the NER Exact String Match method, we analyze mention span errors in the
60K pseudosingleton experiment, finding many similar error cases. The pseudosingle-
tons occasionally include slightly mismatched mention spans, for example, Panama,
when the correct mention span is Panama’s. As before, annotation error also affects the
method’s effectiveness. For example, annotators correctly label a named entity (Rodrigo
Miranda) but fail to mark the pronouns /e and him as co-referring. The pseudosingleton
method then incorrectly labels these pronouns as singletons, leading to unwanted noise

during training.

4.6.7 Error Samples

Figure 4.6 shows three examples of errors from the Model-Based Incremental systems
on OntoNotes (top and middle) and LitBank (bottom).
The top example shows errors made by the Full-Prefix and Model-Based Incremental

systems that are correctly predicted by the non-incremental baseline on OntoNotes.
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her mother sat on a school bus for twelve hours to Lafayette, Louisiana — normally a three

hour trip.

The owner of the nursing home Thelma Wahl was being taken to tells us by the time { the

bus }g arrived ...

but she was not alive when she got to the Lafayette area.

But last spring in a series of stories called State of Neglect they reported that { Louisiana’s };7

nursing homes are often poorly run ...

The owner of the nursing home Thelma Wahl was being taken to tells { us }7 by the time the

bus arrived ...

{ CNN };9 made repeated attempts to contact administrators . ..

A wide and apparently an impervious boundary of severed the possessions of the
hostile provinces of France and England. The hardy colonist, and the trained European who
fought at his side, frequently expended months in struggling against the rapids of the streams,
or in effecting the rugged passes of , in quest of an opportunity to exhibit

their courage in a more martial conflict.

Though the arts of peace were unknown to A forests }7; were
alive with men; shades and glens rang with the sounds of martial music, and the
echoes of { mountains }y4 threw back the laugh. ..

Figure 4.6: Three error samples from OntoNotes and LitBank datasets. The bracket
notation denotes a mention and clustering prediction, for example, { forests }; means
the string “forests” belongs to cluster 7. Red, bolded text denotes errors from the
corresponding model. For simplicity, we omit displaying the full set of predictions.

Top: Errors from the Full-Prefix Incremental model on OntoNotes. The model has failed
to mark the first mentions of the entities and cannot revise its decisions later on.
Middle: An error from the Model-Based Incremental model on OntoNotes relating to
deixis. The loss of context causes the model to miss linking “CNN” to the authorial “us”.
Bottom: Errors from the Model-Based Incremental model on LitBank. The model
erroneously links “its forests” and “its mountains” to previous mentions of “forests” and

“the mountains”, despite the mention “this fatal region” introducing a new context.
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These errors exemplify the types of mistakes we investigate in Section 4.6.4. The model
fails to predict mentions “a school bus”, “Louisiana” and “Lafayette, Louisiana”, as
the incremental setting prevents it from simultaneously observing future references. In
later chunks, it correctly detects the mentions “the bus” and “Louisiana’s”, but since it
cannot revise the earlier missed mentions, it fails to correctly resolve them.

The middle example provides an error made by the Model-Based Incremental
system which is correctly predicted by the Full-Prefix Incremental system on OntoNotes.
Although in general, the predictions and errors between the two systems are the same,
we find the removal of context can occasionally lead to incorrect predictions. This
case involves deixis, as resolving the mention “CNN” requires understanding that the
CNN journalists are also the speaker (i.e. “us”). However, since the context is removed
after the mention “us” is detected, the model later identifies “CNN” as a separate entity,
without realizing the story is being told from the perspective of journalists. In this case,
adding speaker tags to the Model-Based Incremental representation may offer a simple
solution.

The bottom example reveals two errors made by the Model-Based Incremental
system that are correctly predicted by the Full-Prefix Incremental baseline on LitBank.
The Model-Based system incorrectly links mentions “its forests” and “its mountains”
to the previous mentions of “forests” and “the mountains”. The correct interpretation
should involve realizing that the mention “this fatal region” introduces a new context
and that “its forests” and “its mountains™ are syntactically linked to this context, and
are therefore referring to a different set of forests and mountains. The Full-Prefix
Incremental baseline likely avoids this error as the long context between these mentions
helps to disambiguate them as separate entities; as this context is removed in the
Model-Based approach, it mistakenly links them.

Modelling syntactic relationships between entities is a part of a more general task
called Information Status (Halliday, 1967; Prince, 1981; Nissim et al., 2004; Markert
et al., 2012), which includes related phenomena such as bridging anaphora (Clark, 1975)
and split-antecedent reference (Eschenbach et al., 1989; Ingria and Stallard, 1989; Kamp
and Reyle, 1993). Future work could explore how to integrate these considerations to
constrain coreference predictions, and more generally how to model Information Status
using the Model-Based representation, which is typically seen as a separate task (Hou,
2021).
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4.7 Conclusion

In this chapter, we present a model-based, compressed representation for incremental
seq2seq coreference resolution. Similar to Chapter 3, we aim to incrementally build a
discourse model in order to efficiently and accurately compute coreference clusters.

Our proposed method stores and organizes tokens corresponding to entities in the
text, while discarding other tokens outside of a small context window. On OntoNotes,
the Model-based Incremental model scores 0.6 F1 below the Full-Prefix Incremental
baseline’s performance, while compressing the input by a ratio of 1.8. On LitBank, the
Model-based Incremental model outperforms other SOTA approaches, demonstrating
that compressing input representations can be successfully applied to the literary domain
while reaching SOTA performance.

Incremental systems display a marked difference in performance relative to SOTA
approaches on OntoNotes vs. LitBank datasets. In our analysis, we show the gap
between non-incremental and incremental models on OntoNotes is dominated by named
entities and definites. We hypothesize these cases are due to the lack of singleton
annotation in OntoNotes, and we do not observe this pattern on the singleton-annotated
LitBank dataset. Adding gold coreference links corresponding to exact/partial match
named entities and definites improves performance; however, we find methods aug-
menting inference with NER and pseudosingletons struggle with annotation noise and

mismatched spans.



Chapter 5

Exploration of Plan-Guided
Summarization for Narrative Texts:

the Case of Small Language Models

In this chapter, we switch a different topic, namely text summarization. In particular,
we explore plan-guided summarization, which attempts to reduce hallucinations in
summaries by grounding summaries to the source text. Although the task is not directly
related to previous chapters on coreference resolution, using plans to guide summary
writing can be seen as a form of discourse modelling, as the plans compactly represent
important aspects of the text. In this chapter, we do not examine efficient computation
like in previous chapters, but instead ask whether planning can reduce faithfulness
errors in summarization. In particular, we are interested in narrative text summarization,
as narrative texts’ length and complexity mean they are often difficult to summarize
faithfully. We hypothesize that planning in SLMs can improve summarization in
long document, narrative tasks. Our discourse representation takes the form of a
narrative plan, which models key events from the source text. We also implement an
existing approach which models the discourse as a sequence of QA pairs. However, our
results show that neither approach significantly improves on a baseline without planning.
Human evaluation reveals that while plan-guided approaches are well grounded to their
plan, plans contain hallucinations at the same rate as summaries, and plan-guided
summaries are just as unfaithful as non-planning baselines. However, substituting an
oracle, LLM-based plan markedly improves faithfulness and summary quality. The
results serve as a cautionary tale to plan-guided approaches to summarization, especially

for complex domains such as narrative texts.

79
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5.1 Introduction

Modern summarization approaches based on language models generate increasingly
fluent and useful summaries. However, both large language models (LLMs), and small
language models (SLMs) of less than 4 billion parameters are prone to “hallucinations”,
where entities, dates, or assertions in predicted summaries do not faithfully reflect the
source material (Kryscinski et al., 2019; Maynez et al., 2020; Lin et al., 2022; Ji et al.,
2023; Wang et al., 2023). Such errors create trust and accountability issues, as users
cannot rely on the outputs of the summarizer (Glikson and Woolley, 2020).

Plan-guided summarization is an approach involving conditionally generating sum-
maries using a plan which guides summary content and ordering (Narayan et al., 2021,
2023; Huot et al., 2023). The approach has several motivations: one is to increase
faithfulness in the summary, as the summary in grounded in a plan which is faithful to
the source text. Another motivation is its modular design, as plans can be inspected and
modified, resulting is a new summary which reflects the updated plan and is therefore
more controllable. In this thesis, we focus on the former: the ability of plan-guided
summarization to improve faithfulness.

Generally, plan-guided summarization works by fine-tuning a model to generate
both plan and summary, with the expectation that the summary reflects planning content.
Since it involves fine-tuning, plan-guided summarization is typically applied to SLMs,
where full fine-tuning is more feasible compared to LLMs. Plan-guided summarization
works have explored a diverse range of plan types; e.g., entity chains (Narayan et al.,
2021), question-answer pairs (Narayan et al., 2023; Pagnoni et al., 2023), sentence
fragments (Adams et al., 2023), semantic graphs (Hua et al., 2023), and salient noun
phrases (Deutsch and Roth, 2023).

In this work, we investigate whether planning can reduce hallucination in summa-
rizing long, narrative-based text with SLMs. Narrative texts are often much longer than
common summarization domains such as news (Wang et al., 2022; Chen et al., 2022),
and requires a deep understanding of states, events, and temporal and causal relations
(Kryscinski et al., 2022; Kim et al., 2024). Many works have shown both SLMs and
LLMs struggle at understanding long text (Levy et al., 2024; Liu et al., 2024), including
narrative-based texts such as novels (Kim et al., 2024).

In Figure 5.1 we show an example output after fine-tuning Phi-3.5-mini (Abdin
et al., 2024) on the SQUALITY dataset (Wang et al., 2022). While it correctly generates

many aspects, the summary also contains factual errors, highlighted in red. It conflates
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... The humanoids rally around their leader, who is wearing the same red sash and red

headdress as the man. The humanoid leader marches over to Linden and Split’s ship.

Gravgak, the guard of the humanoid leader, confronts Linden and Split. He is worried that
the sponge trees, which are camouflaging the warriors, will attack the humanoids again.
He wants Linden and Split to repeat the “see-o-see-0” siren noises to keep the humanoids

safe.

When Linden and Split repeat the siren, the warriors run back into their hiding places.
Tomboldo is the leader of the humanoids, and he is wearing the red sash and headdress.

Linden gives Tomboldo a gift, a musical medallion that plays a tune when it is touched.

Figure 5.1: A predicted summary from Phi-3.5-mini (Abdin et al., 2024) after fine-tuning
on SQUALITY (Wang et al., 2022). Red text marks hallucinated fragments.

the identity of characters (the leader and the man wearing the red sash and headdress
are the same person), generates non-existent events (Linden and Split do not repeat the
siren), and inserts correct events at the wrong time (Linden presents Tomboldo a gift
much earlier in the story).

These aspects may be challenging to address for existing planning-based approaches,
which typically model fine-grained details such as specific entities (Narayan et al., 2021,
2023), sentence or subsentence-level details (Adams et al., 2023; Pagnoni et al., 2023),
or relationships between concepts and entities (Hua et al., 2023). While establishing
key characters, dates and quantities is crucial for a summary, they do not reflect the
overall narrative structure of a text.

To that end, we propose a narrative planning method based on sub-events (Daniel
et al., 2003), corresponding to high-level events that outline the narrative structure of a
text. Since manually annotating training plans is infeasible, we use Claude Sonnet 3.5
(v1)! (hereafter Sonnet 3.5) to generate synthetic training data in a single pass, leaving
training and inference to the SLMs. We also experiment with QA-based planning
methods (Narayan et al., 2023), and mixing both narrative plans with QA-based ones.
For each method, we fine-tune transformer-based decoder models to generate both plans

and gold summaries. An overview of our plan formulation is shown in Figure 5.2.

Thttps://claude.ai/
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Contrary to earlier studies on plan-based summarization (Narayan et al., 2021, 2023;
Hua et al., 2023), our findings indicate that neither fine-grained nor narrative-based
planning improves performance on narrative-based text, with planning-based methods
achieving scores comparable to baseline approaches. In order to further understand
model performance, we also conduct a human evaluation of our models’ outputs. We
find that models, with or without planning, all hallucinate at comparable rates, resulting
in similar summary quality. Although summaries are often well-grounded to their
associated plans, the plans themselves may contain hallucinations, which subsequently
lead to unfaithful summaries.

Analyzing synthetic plans from Sonnet 3.5 reveals that they are highly faithful to
the source text, though on occasion miss relevant details from the source document.
We also test the effect of replacing the models’ predicted plans with the high quality
plans from Sonnet 3.5 and find that coverage (+10%) and faithfulness (+6%) improve
according to our manual evaluation. While one possible conclusion may be that only
LLMs such as Sonnet 3.5 are reliable enough to be trusted as summarizers, SLMs are
interesting in their own right as their smaller size allows them to be far more deployable
and practical in low-resource settings. For this reason, methods that promise higher
faithfulness in SLMs, such as plan-guided summarization, are also appealing. However,
despite encouraging results in prior work, our findings suggest that there are limitations
in planning-based approaches for complex, long document domains such as narrative

text.

5.2 Related Work

Summarization with a planning step has taken many forms in prior work. Our most
direct inspiration is Narayan et al. (2023), which we refer to as Blueprint QA throughout
this paper. Blueprint QA uses question-answer pairs as a form of grounding for the
predicted summary, with filters to ensure high-quality QA pairs. Their motivation is
rooted in the “Questions Under Discussion” (QUD) theory of discourse processing
(Ginzburg, 1994; Roberts, 2012). This theory presumes that a given discourse consists
of assertions which can be implicitly described with an ordered set of questions and
sub-questions. These questions, along with the subsequent answers in the text, specify
the current structure of the text. Through the lens of this thesis, we can view Narayan
et al. (2023)’s Blueprint QA plans as explicitly modelling discourse through a sequence

of question-answers pairs.
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In this chapter, we attempt to extend their discourse modelling approach and ask
how planning can more flexibly model events in a narrative text. Narayan et al. (2023)’s
QA plan formulation is considerably focused on entity-based questions, such as who,
what, when and where questions. It formulates the answer portion of QA pairs as named
entities (i.e. the output of an NER model), which may not flexibly capture abstractive
aspects of narrative text. For example, a question-answer pair like “Why did Omosla
feel anguish? She felt Campbell had abandoned her”” may be highly relevant for
the summary but difficult to model using the Blueprint QA approach. Our proposed
narrative approach is more flexible in this sense, as plan points are essentially free-form,
as long as they are short sentences.

In this chapter, we implement a Blueprint QA baseline; however, our implemen-
tation should been seen as inspired from (Narayan et al., 2023) and is not an exact
implementation. We describe their method and our implementation of it, including
technical differences, more thoroughly in Section 5.3.

We also note that Narayan et al. (2023) present an iterative model that is roughly
analogous to the incremental settings in previous chapters of this thesis. In this setting,
the model generates one QA plan point and summary sentence at a time. The current
plan point and summary sentence then serve as context for the next iteration. We did
implement and experiment with this approach with our narrative plan formulation, but
we found it did not generate coherent outputs, and we do not explore it further in this
chapter.

Pagnoni et al. (2023) also presents plan-based summarization method based on QA
pairs. Source-text sentences are converted into question-answer pairs as a pre-training
objective. Sentence-level questions may be viewed as a form of higher-level planning;
however, in this work we argue that narrative structure traverses sentence boundaries,
and investigate generating plans across the entire document instead of a single sentence.

Deutsch and Roth (2023) train a model to mark salient NPs in the source document,
then generate a summary conditioned on the augmented document. Adams et al. (2023)
generate content plans from extractive elementary discourse units, then re-write and
re-rank the candidate summaries. Although their model uses abstractive re-writing,
the plans are ultimately based on extractive fragments which are unlikely to represent
higher-level plans.

Perhaps closest to our work, in terms of motivation, is Hua et al. (2023) who present
a distinct method using abstract meaning representation (AMR) graphs as a source of

grounding. Their work explicitly captures high-level information, but is very involved,
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requiring an AMR parser, a coreference resolution model and an additional module to
align concepts and words, on top of the summarization model. Our approach presents
a simpler, less involved approach to high-level planning where narrative structure is
represented as short sentences instead of complex AMR graphs.

Planning is used outside of summarization, and most relevant to our work is that
of Godbole et al. (2024). They use planning to generate both paragraph descriptions
and QA pairs in order to generate biographies about individuals. However, their work
focuses on using planning with retrieval to augment the model’s parametric knowledge,
while in our task, we are interested in knowing whether the model can understand
and reason with long contexts in a narrative structure. Similarly, Shao et al. (2024)
prompts LLMs to write Wikipedia articles by generating outlines, diverse perspectives
and conversational QA-pairs as a plan. Their work similarly focuses on using LLMs
to retrieve helpful documents for writing the article, rather than summarizing long
narrative text. Chawla et al. (2024) also investigate planning techniques for generating
knowledge-grounded dialogues, finding that content planning offers mixed results in
improving dialogue quality.

Lastly, in relation to the incremental approaches of the two previous chapters, we
note that incremental summarization methods also exist for processing long text. These
approaches work by maintaining a structured representation as the text is read, which is
then dynamically updated or augmented as new information is encountered (Chowdhury
et al., 2024; Chang et al., 2024; Hwang et al., 2024, 2025). Incremental summarization
approaches face distinct challenges, such maintaining coherence across text chunks
(Chang et al., 2024), merging redundant information (Hwang et al., 2025) and adding
excessive details to summaries (Hwang et al., 2024). For summarization domains with
very long input length, using an intermediate representation such as plans or chain of

thought remains the only viable alternative to the incremental summarization approach.

5.3 Method

In this work we experiment with an existing QA plan-based summarization method of
Narayan et al. (2023) (our re-implementation) and our novel narrative-based planning
methods that incorporate coarse plans. In this section we discuss the implementation
details for each approach. Since summarization datasets do not come with plans, we
generate them using specialized models or LLMs. We first detail in 5.3.1 how to create

plans from summarization data, and provide statistics about each plan type in Table
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SQuALITY SummScreen-FD

# tokens 103.6 25.6
Blueprint QA
# QA pairs 5.5 2.4
# tokens 212.6 111.4
Coarse Plans
# plan points 12.2 6.7
# tokens 271.0 127.2
Coarse Plans + QA .
# plan points (inc. QA) 16.1 7.9

Table 5.1: Plan statistics across the three plan formulations. We report the average
number of tokens and average number of plan points per document across all of training,
validation and test datasets. Note that the average number of QA pairs and plan points
in SummScreen-FD is lower than SQUALITY as its summaries are considerably shorter
(141 tokens/summary in SummScreen-FD vs. 591 in SQUALITY).

5.1. We then explain in 5.3.2 how we fine-tune SLMs to generate both plans and gold

summaries.

5.3.1 Training Plans
5.3.1.1 Blueprint QA

In Narayan et al. (2023)’s Blueprint QA plan formulation, a question generation model
overgenerates a sequence of questions relating to entities, times, and places in the
document of interest, which are then filtered for quality. The overall goal is to generate
a list of question-answer pairs which are highly accurate and relevant to the summary.
We describe our implementation of Narayan et al. (2023)’s Blueprint QA approach,
then specify the technical differences from their original implementation.

The first step is to extract meaningful answers from the summary. We use SpaCy
(Honnibal et al., 2020) to extract named entities including dates, time expressions and
quantities from the gold summary. These extracted entities serve as potential answers
for the plan.

We then generate questions using MixQG? (Murakhovs’ka et al., 2022), a state-of-
the-art question generation model. MixQG is an encoder-decoder model fine-tuned on

9 question generation datasets covering a wide variety of answer types, such as:

2We use the T5-3B variant.
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* Yes/No, e.g. BoolQ (Clark et al., 2019)

* Multiple choice, e.g. MCTest (Richardson et al., 2013)
» Extractive, e.g. SQuAD (Rajpurkar et al., 2016)

» Abstractive, e.g. NarrativeQA (Kocisky et al., 2018)

Provided with an answer and a text passage as input, MixQG generates an appropriate
question from the text. We pass each extracted entity from SpaCy along with its source
sentence and two preceding sentences as the context to MixQG, which generates a
question for each entity about the summary.

Lastly, we filter low quality QA pairs using Round-trip Consistency, Rheme and
Coverage filters. These filters ensure the final set of QA pairs are accurate, informative

and non-redundant. We describe each filter below:

* The Round-trip Consistency check (Alberti et al., 2019a) uses a question answer-
ing model to verify the extracted answer correctly answers the question from the
QG model. If the question answering model output differs from the extracted

answer, the QA pair is discarded.

* The Rheme filter promotes keeping QA pairs that describe new information
in the text, as opposed to already known information. The summary is first
deterministically chunked into propositions using key words such as punctuation,
relative pronouns, prepositions and coordination. QA pairs whose answers do
not match the rightmost token(s) of a proposition are filtered out. If multiple QA
pairs match a single proposition, the one with the longest answer is kept. We
notice in certain cases that the Rheme filters removes all QA pairs from the plan.

In these cases, we do not apply it.

* Lastly, the Coverage filter removes overlapping QA pairs. The summary is
tokenized into a bag of tokens and QA pairs are greedily matched by highest
lexical overlap. The matched tokens are then removed and the process is continued
until the bag is empty, there are no more QA pairs, or there is no more lexical

overlap. Any remaining QA pairs are then discarded.

We note several important technical differences between our implementation and

Narayan et al. (2023)’s original Blueprint QA formulation:



Chapter 5. Exploration of Plan-Guided Summarization for Narrative Texts 87

» Their base model is an encoder-decoder model with 3B parameters, namely
LongT5 (XL) (Guo et al., 2022). In all our experiments, including the Blueprint
QA setting, we use Phi-3.5-mini, a decoder-only model with 4B parameters
(Abdin et al., 2024). We also fine-tune Phi-3.5-mini with LoRa (Hu et al., 2022),
while Narayan et al. (2023) use standard fine-tuning. We describe the Phi-3.5-mini

model in more detail in Section 5.4.2.1.

» Narayan et al. (2023)’s question generation model uses the T5-11B checkpoint
(Raffel et al., 2020), fine-tuned on the SQuAD reading comprehension dataset
(Rajpurkar et al., 2016). In contrast, we use MixQG (Murakhovs’ka et al., 2022),
in particular the T5-3B variant. In comparison to Narayan et al. (2023)’s QG
model, MixQG is smaller (3B vs. 11B parameters) but trained on more datasets
(9 vs. 1).

* Further, Narayan et al. (2023) does not restrict the context length when inputting
the summary to the question generation model. However, we find that passing
the full summary has detrimental effects on SQUALITY, as it contains much
longer summaries on average (591 tokens/summary, compared to roughly 100
tokens in the datasets used by Narayan et al. (2023)). We instead use the sentence
containing the extracted entity and the previous two sentences as the summary

context.

* Our question modelling model used in the Round-trip Consistency check is a
pre-trained ELECTRA-Large model (Clark et al., 2020) fine-tuned on the SQuAD
2.0 dataset (Rajpurkar et al., 2018), the same used in QAEval (Deutsch et al.,
2021). However, Narayan et al. (2023) rely on Alberti et al. (2019a)’s original
formulation which uses BERT as their base model (Alberti et al., 2019b).

* Narayan et al. (2023) present QA pairs with the answer first followed by the
question; they find this slightly outperforms presenting the question first. We opt
to keep question-first ordering, following other work in high-level QA plan-based

summarization (Pagnoni et al., 2023).

5.3.1.2 Coarse Plans

Since manually annotating sub-events is infeasible, we automatically generate the coarse
plans containing these sub-events by prompting Sonnet 3.5, which is known for its

strong text understanding and generation capabilities (Anthropic, 2024). We prompt
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E

We prompt Claude 3.5 Sonnet

1. Generate coarse plans:

to create synthetic plans in a
single pass. Each plan point

is linked to its source sentence.

s 1. Linden and Split land their ship. [1,2]

O¢

@ 2. The crew witnesses an attack. [5,6]

3. The humanoids rally around their leader. [7]

2. Extract QA pairs:
For each plan point, we pass
all named entities to a QG

model to generate relevant

questions.

Q: Who is the captain? A: Linden
®\ Q: Who hits the siren? A: Split
Q: Who is the humanoids’ leader? A: Tomboldo

3. Filter QA pairs:
We apply Blueprint QA
filters to remove low-quality

QA pairs, as well as identical

QA pairs across plan points.

Figure 5.2: A visualization of the steps in creating training plans. First, coarse plans are
generated with an LLM. Then, named entities are extracted from the relevant source
sentences, and a question generation model generates a question for each entity. Lastly,
low-quality questions are filtered out and the QA pairs are attached to the coarse plans.

The figure shows one QA pair per plan point; in practice, the number of pairs may vary.
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...Linden and Campbell think their ship is out of sight, and watch a ritual that the man
is performing to the setting sun. The crowd of people continues to increase, and Linden
notices that the landscape is moving: trees are shifting in the ground. He and Campbell
stay in the ship and observe the various types of clothing and the ritual itself, as well as the
moving trees which seemed to be moving to attack the people. They are indeed warriors
starting an attack, and started swinging weapons. Linden tells Campbell to start the siren on
their ship to scare away the attackers, and the first man they’d seen, presumably the leader,
starts towards the ship. Once they are close enough, it is obvious that the humanoids don’t
have eyebrows or eye lashes. Captain Linden hands the leader a medallion that plays a
song, as a token of friendship. Tomboldo, the leader, starts a round of introductions through
a lot of gesturing. Linden hopes to learn about the Serpent River through the people to
understand its cultural significance, and these people start to ask about the siren noises.
The warriors attack again and panic ensues, pushing the humans to use weapons this time.
Gravgak, the guard who had been escorting the humans, is knocked down. As Linden tries
to tend to him, Gravgak knocks him out with his club. Linden is unconscious for a few

weeks, and Vauna, Tomboldo’s daughter, spends a lot of time by the Captian’s side. ...

. Captain Linden and Campbell lead first manned expedition to planet.
. They observe a silver river-like feature on the planet’s surface.

. Campbell spots humanoid beings through his telescope.

. They witness people emerging from an underground city.

. Linden and Campbell observe a ritual and moving trees.

. Tree-like warriors attack the humanoid people.

. Linden uses ship’s siren to scare away attackers.

. Humans make first contact with the planet’s inhabitants.

O 0 9 O L B~ W N =

. Warriors attack again, prompting humans to use weapons.
10. Gravgak knocks Linden unconscious.
11. Linden recovers, forms connection with Vauna.
Q: How long is Linden unconscious? A: a few weeks
12. Humans learn about the Benzendellas and their technology.
Q: What does Linden not know about? A: the Serpent River
13. Gravgak apologizes for injuring Linden.

14. Tomboldo reveals the Serpent River is called Kao-Wagwattl.

Figure 5.3: An example fragment of a reference summary from SQUALITY (top), with an
annotated plan from Sonnet 3.5 (numbered sentences) and QA pairs. The full example
can be found in Appendix D.1.
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Gplan>. ..<\plan >>

<plan>...<\plan>

<summary>. .. <\summary>

<<summary>. . .<\summary>>

Figure 5.4: The two training methods we explore: (a) In the End-to-End (E2E) setting,
the model generates both plans and summaries in a single decoder pass. (b) In the
Multi-Task setting, the model separately learns to generate plans and summaries. At
inference time, we pre-fill the decoder with the <summary> token to prompt the model to

generate the summary.

the model to extract key sub-events from the text, without including specific details
which are more likely to be hallucinated (Ji et al., 2023; Wang et al., 2023).3 Note that
we only prompt Sonnet 3.5 in a one-shot basis to generate coarse plans, and we do not
employ it during training or inference.

Each plan consists of numbered plan points, where each plan point corresponds to
one sub-event in the text. Our definition of a sub-event is primarily inspired from Daniel
et al. (2003), but is also similar to the atomic claims defined in Gunjal and Durrett
(2024). Each sub-event should progressively and succinctly describe key events from
the story, with minimal details such as dates or locations. To encourage the LLM to
output the right plan format, we provide in-context examples of the type of plan we
expect (Brown et al., 2020). Examples of the types of plans we expect can be seen in
the in-context examples in Appendix D.2.

We generate plans using temperature set to 1.0, nucleus sampling disabled (tfop_p =
1.0), and limiting the output to 400 tokens. These settings encourage diverse plans and
consistent lengths. Importantly, we prompt the model to construct the plan based on
a gold summary s, instead of the source document d. This ensures the predicted plan

matches the narrative of the gold summary. An example is shown in Figure 5.3 (without

3See Appendix D.2 for the exact prompt.
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QA pairs).*

5.3.1.3 Coarse Plans + QA

We also experiment with a setting which combines the benefits of both the higher-level,
event-focused planning and the lower-level, detail-focused planning. To this end, we
combine coarse and fine-grained QA into a single plan. Question generation models
typically require an answer and a context to generate an associated question. In our
case, we do not directly input plan points to the question generation model, since plan
points are designed to be free of the desired fine-grained details. Therefore, our first
step is to link plan points back to the original summary sentences, which contain more
details suitable for fine-grained question generation. The original source sentence that
gave rise to the plan point contains relevant details abstracted away from the plan.

To facilitate this linking, we ask Sonnet 3.5 to provide a citation for each plan point,
similar to Fierro et al. (2024). We number all sentences in the gold summary and ask
the model to end each plan point with the relevant sentence number(s).’

Given the linked source sentences, we apply the Blueprint QA procedure as before,
using the linked sentences and two preceding sentences as context for the QG model.
After applying the Blueprint QA filters, each generated QA pair is then attached to the

original plan point. We then additionally filter out identical QA pairs across plan points.

5.3.2 Training

We use two training methods to generate plans and summaries, following Narayan et al.

(2023). We visualize the two settings in Figure 5.4.

End-to-End In this setting, the model produces both plans and summaries in a single
pass. After processing document d, the model first produces the plan p, effectively
modeling Pr(p|d). The decoder then generates the summary s based on both p and d,
modeling Pr(s|d, p).We prefix the plan with the string <plan>, and similarly prefix the
summary with <summary>. This allows the model to directly refer to both the plan
and the source document via its attention mechanism when generating the summary.

However, it comes at the cost of generating longer sequences.

4The full coarse plan is shown in Appendix D.1.
>The exact prompt is shown in Appendix D.2.
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Multi-Task The end-to-end model may potentially struggle with extremely long gen-
eration when predicting both plan and summary in a single output. For this reason, we
also experiment with training the model to generate plans and summaries separately
in a multi-task setup. Each document is separately paired with the generated training
plan and the gold summary, and the model learns to generate the plan and summary in
separate tasks. Although the model is less likely to be grounded in the summary in this

setting, avoiding long generation may produce higher quality summaries.

5.4 Experiments

5.4.1 Datasets

As described in Section 2.3.2, we choose two long document summarization tasks with
a clear event-focused narrative structure: SQUALITY (Wang et al., 2022) covers short
stories from Project Gutenburg, and SummScreen (Chen et al., 2022) is based on TV
show transcripts. As mentioned previously, we use SummScreen’s FullDreaming (FD)

subset, following prior work (Hua et al., 2023; Narayan et al., 2023).

5.4.2 Model
5.4.2.1 Base architecture

We use the Phi-3.5-mini model in all experiments (Abdin et al., 2024), a 3.8B parameter
decoder-only transformer architecture pre-trained on 3.3T tokens.® The model uses 3072
hidden dimension, 32 heads and 32 layers. The default context length during training
is 4K tokens, but the authors extend it to 128K by interpolating position embeddings
using LongRoPE (Ding et al., 2024). This feature allows us to directly input long
documents for the summarization task, making it an ideal candidate for long document
summarization with SLMs. Despite its compact size, Phi-3.5-mini performs comparably
to other leading LLMs in a variety of reasoning tasks.

The exact training data sources are not publicly available, but they are described in
Abdin et al. (2024) as “heavily filtered publicly available web data. . . from various open

internet sources, as well as synthetic LLM-generated data”. The Phi-3 blog’ provides

®We also experimented with LongT5 (Guo et al., 2022), but got very poor summarization results
across all datasets, which we omit here.

https://news.microsoft.com/source/features/ai/the-phi-3-small-language-models-with-big-
potential/
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more information on the training data curation process: the researchers start with a
publicly available (but undisclosed) set of data sources, then use an LLLM to augment
the dataset by synthesizing variations on the original data set. The resulting data is then
repeatedly filtered and re-augmented by the LLM until the corpus reaches the desired

size.

5.4.2.2 Training Details

In each experiment, the model is fine-tuned with a standard language modelling objec-
tive to maximize the likelihood of the labels. Depending on the task, the labels will
either consist of the plan token labels (Multi-task), summary token labels (Multi-task),
or plan+summary tokens labels (E2E). All models are trained with a learning rate of
0.001 and a batch size of 32 (per device batch size of 4). We fine-tune the model using
LoRa® (Hu et al., 2022) for 100 epochs and checkpoint the model using the validation
loss. We truncate input documents to 8K tokens. Since plans may be long, output
length is a key consideration and we perform hyperparameter search over the output
generation length with 512, 768 and 1024 tokens. Accordingly, we set the output length
in all E2E settings to 768 and otherwise use 512 tokens. The E2E setting requires a
longer generation size since it generates both plan and summary in a single decoder
pass. During inference, we do not sample, and use beam search with 5 beams and a
length penalty of 0.8.

Additionally, for both settings, we forbid repeated ngrams in the generated output
for any ngram of length 5, where ngram size is counted as the number of subtoken units.
We use this value after running a hyperparameter search over {4,..,16} during early
experiments.

For training, we use a p4d.24xlarge instance available on Amazon Sagemaker which
includes 8 NVIDIA A100 GPUs. It costs $32.77 per hour. The training time varied

from 4 — 24 hours for different settings.

5.4.3 Evaluation
5.4.3.1 Automatic Metrics

As described in Section 2.3.3, we use four automatic metrics for our evaluation. We

measure summary quality with ROUGE (Lin, 2004), which measures word-level overlap

8We use r = 24, o = 32 and LoRa dropout of 0.05
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with a reference summary. For SQUALITY, which includes 4 gold summaries per text,
we compute ROUGE for each label and take the maximum of the four scores. We report
ROUGE-1, -2 and -L with Porter stemming.9

We measure three faithfulness metrics: AlignScore (Zha et al., 2023), QAFactEval
(Fabbri et al., 2022) and FineSurE (Song et al., 2024). AlignScore is an NLI-based
metric, QAFactEval is a QA-based metric, and FineSurE is a LLM-based metric
measuring both faithfulness and summary quality. For FineSurE, we use Claude Sonnet
3.5 (v1) as the LLM. Although using the same LLM for generating plans and evaluation
is non-ideal as prior work has shown they are biased towards their outputs (Kim et al.,

2024), we are restricted in our use of available LLMs.

5.4.3.2 Human Evaluation

Automatic evaluation metrics are known to be unreliable (Kryscinski et al., 2019;
Kim et al., 2024), with different metrics capturing different dimensions of the outputs.
Therefore, we also conduct human evaluation of 5 randomly selected documents from
SQuUALITY. The annotation is conducted by 2 authors of our published work (Grenan-
der et al., 2025), following several discussions on best practices and establishing an
evaluation rubric. It covers all settings: 8 models x 5 summaries X 4 evaluation metrics,
for a total of 155 annotations (some metrics do not apply universally).'?

After reading each document, we list important high-level events from the story. We
measure coverage as the proportion of high-level events from the story that are present
in the generated summary.

For each predicted summary, we extract atomic claims (Kim et al., 2024), as we
find using a finer level of granularity allows for more consistent annotation. We aim to
extract atomic claims that are indivisible minimal facts, which are context-independent
and describe a property of an entity or a relationship between two entities.!! We measure
faithfulness as the proportion of the model’s atomic claims that are supported by the
text, and conciseness as the proportion of atomic claims that are present in at least one
reference summaries.

We are also interested is how well the predicted summary follows the generated
plan. For all settings generating plans, we compute grounding as the proportion of plan

points that are present in the generated summary.

‘We use the Hugging Face implementation from https://huggingface.co/spaces/
evaluate-metric/rouge.

10Additional details can be found in Appendix D.5.

""Examples can be found in Appendix D.5.
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We compute interannotator agreement by reusing one annotator’s extracted facts for
one story across the 8 model settings (i.e. 8 generated summaries in total). Using these
extracted facts, we doubly annotate coverage, faithfulness, conciseness and grounding
metrics. The overlapping annotations cover 264 atomic facts (for faithfulness and
conciseness), 104 high-level events (for coverage) and 52 plan points (for grounding).
We compute Cohen’s kappa across all four evaluation dimensions and observe K = 0.823,

indicating strong agreement.

5.4.4 Compared Systems
5.4.4.1 Phi-3.5-mini

Our primary baseline is the Phi-3.5-mini model trained for summarization without
using any plans. We fine-tune the model with the document and summary as input,
with loss computed over the summary tokens. We prefix each example with a basic

summarization prompt.'?

5.4.4.2 Socratic

For SQUALITY we also report results from Pagnoni et al. (2023) using the BART-large
model (Lewis et al., 2020). The model is pretrained with their Socratic objective on the
Books3 corpus, from the Pile (Gao et al., 2020) before being fine-tuned on SQUALITY.
The Socratic objective generates questions about sentences from the source text. The
model is then pre-trained to generate question-answer pairs consisting of sentence-level

questions and sentences from the source text.

5.4.4.3 Claude Sonnet 3.5 (v1)

We also report results obtained by directly prompting Claude Sonnet 3.5 (v1). We use
a temperature of 0, max generation length of 512, and top_p = 1.0. The full prompt
is shared in Appendix D.4.!3 Since we do not have access to the information about
Claude training data, we cannot be sure that the model has not seen the documents in
SummScreen or SQUALITY. For this reason, we add Claude results mostly for reference,

rather than as a comparative baseline.

12The prompt can be found in Appendix D.3.

3The final prompt we use for Claude summarization does not ask the model to generate plans. We
tried prompt variants that asked the model to plan-and-summarize, but these worked worse than our final
prompt.
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5.4.4.4 Other Models

We include other contemporary models which perform strongly on SQUALITY and
SummScreen-FD: LTRSum (Sotudeh and Goharian, 2024), the highest-scoring model
we are able to find on SQUALITY, and BART-LS (Xiong et al., 2023), the state-of-the-art

model on SummScreen-FD.

5.5 Results

Results on SQUALITY and SummScreen are shown in Table 5.2.

5.5.1 Summary Quality

In the Multi-Task setting, summary quality is generally comparable to the baseline
method without planning. The Coarse Plans, Multi-Task model achieves the highest
ROUGE scores overall on both SQUALITY and SummScreen, though improvements
over the Phi-3.5 baseline are all under 1 F1 point. This finding suggests that the methods
generate summaries with similar quality, as measured by ROUGE.

The same trend does not hold for E2E methods, which see a steep drop in ROUGE
scores. This likely occurs due to the difficulty of generating much longer text in a single
pass, as observed by Narayan et al. (2023).

Across different plan formulations, we observe little change in ROUGE performance.
Instead, these methods perform similarly to the baseline on both datasets, suggesting
that different plan formulations do not significantly affect summary quality.

The Claude 3.5 Sonnet baseline outperforms E2E methods but underperforms
against other fine-tuned methods on both datasets, despite undoubtedly being much
larger than Phi-3.5-mini. Fine-tuning likely confers advantages in terms of either
summary quality or in-domain knowledge (e.g., the expected summary style).

Lastly, we note our methods outperform LTRSum (Sotudeh and Goharian, 2024)
on SQUALITY and underperform compared to BART-LS (Xiong et al., 2023) on
SummScreen. However, in both cases we feel the methods are not directly comparable.
On SQUALITY, our Phi-3.5-mini base model is much larger (3.8B vs. 406M), meaning
a performance boost is expected. On SummScreen, the BART-LS uses a 16K token

context size, while we are limited to a 8K context window due to resource constraints.
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Model R-1 R-2 R-L AS QAFE FSE

SQUALITY

LTRSum (Sotudeh and Goharian, 2024) 46.11 14.68 24.23 - - -

Socratic (Pagnoni et al., 2023) 46.31 14.80 22.76 - - -
Claude 3.5 Sonnet 47.52 12.07 20.03 59.76 142 91.8
Phi-3.5-mini 5147 1644 2336 53.22 1.83 66.3
Blueprint QA, E2E 40.82 13.14 20.23 57.30 1.75 63.4
Blueprint QA, Multi-Task 51.54 16.35 23.75 53.85 1.76 67.4
Coarse Plans, E2E 39.10 12.04 20.15 52.38 1.63 61.3
Coarse Plans, Multi-Task 51.66 16.58 24.27 52.25 1.78 66.1
Coarse Plans + QA, E2E 3738 11.41 19.86 51.86 196 57.8
Coarse Plans + QA, Multi-Task 50.57 16.12 2390 54.39 221 67.1
Pre-filled Claude Plans, E2E 48.57 16.26 2551 50.04 1.97 719

SUMMSCREEN-FD

BART-LS (Xiong et al., 2023) 39.1 107 335 - - -
Claude 3.5 Sonnet 28.87 7.27 1491 57.55 1.69 95.5
Phi-3.5-mini 31.50 740 18.82 4527 1.82 44.0
Blueprint QA, E2E 26.62 5.89 1693 49.15 1.88 55.8
Blueprint QA, Multi-Task 3145 692 18.54 46.23 1.77 45.7
Coarse Plans, E2E 2934 6.01 1755 4649 1.66 44.3
Coarse Plans, Multi-Task 31.98 7.55 19.02 47.02 1.84 47.0
Coarse Plans + QA, E2E 28.83 591 17.19 46.16 1.66 40.3
Coarse Plans + QA, Multi-Task 31.58 7.30 18.62 4593 1.85 46.2

Table 5.2: Results on SQUALITY and SummScreen. AS=AlignScore, QAFE=QAFactEval,
FSE=FineSurE. Blueprint QA, E2E and Multi-Task, are our implementations of Narayan
et al. (2023). Scores for Socratic (Pagnoni et al., 2023) are as reported in their paper;
all other scores are from our own implementations. We bold the highest scores among
the methods we evaluate, as other models are not directly comparable to ours (see the

discussion in Section 5.5.1).
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5.5.2 Faithfulness

We see mixed results across faithfulness metrics. Looking at AlignScore and QAFactE-
val, many methods surpass others in one metric or one dataset, but fail to replicate the
result across datasets or across metrics. For example, while Claude 3.5 Sonnet achieves
the highest AlignScore on both datasets, it scores lower than the Phi-3.5 baseline on
QAFactEval. Similarly, Coarse Plans + QA, Multi-Task achieves the highest QAFactE-
val on SQUALITY, but scores lower than Blueprint QA, E2E on AlignScore across both
datasets. These results lead us to question the reliability of these metrics, as they do not
clearly suggest a better model.

On FineSurE, Sonnet 3.5 eclipses other models across both datasets. However,
we are wary of this result for two reasons. First, AlignScore and QAFactEval do not
corroborate massive faithfulness advantages over other methods. Secondly, previous
work has found LLM auto-raters tend to favor their own outputs (Kim et al., 2024).
Other settings achieve similar scores, except for the Blueprint QA, E2E setting on
SummScreen.

In summary, the mixed results lead us to question the reliability of existing faithful-
ness metrics and whether any method is truly outperforming the baseline. This issue

motivates our human evaluation in Section 5.5.3.

5.5.3 Human Evaluation

Human evaluation results are shown in Table 5.3. We note E2E coverage scores
tend to be lower than their Multi-Task counterparts. We observe that the E2E model
occasionally outputs a lengthy plan, leaving little space for the resulting summary
before reaching the maximum token count. This behavior negatively affects coverage
as the shortened summary cannot cover all relevant story points. In the Blueprint QA
E2E model, we notice a particular failure case where the model’s summary is a nearly
identical copy of the QA pairs, resulting in summaries with especially low coverage.
We observe that faithfulness and conciseness scores are roughly equal across all
settings. Faithfulness scores range from 68 to 77%, with the highest faithfulness
score achieved by the Blueprint QA, Multi-Task setting. However, the highest scoring
methods, Blueprint QA, Multi-Task, and Coarse Plans + QA, Multi-Task, score only
3.01% and 2.06% higher than the Phi-3.5-mini baseline, and we strongly suspect
the difference is not meaningful. In order to validate our hypothesis, we count the

number of unfaithful atomic facts across the three models. We find the Phi-3.5-mini
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Model Cov. Faith. Conc. Ground.
Phi-3.5-mini 46.82 7533 84.45 -
Blueprint QA, E2E 36.82 67.99 72.27 70.00
Blueprint QA, Multi-Task 56.36 78.41 82.69 14.00
Coarse Plans, E2E 43.15 74.09 84.95 91.68
Coarse Plans, Multi-Task 57.01 74.15 88.62 71.92
Coarse Plans + QA, E2E 3771 71.26 87.05 97.78
Coarse Plans + QA, Multi-Task 64.10 7739 82.81 64.79

Pre-filled Claude Coarse Plans, E2E  74.19 84.57 92.10 87.77

Table 5.3: Human evaluation results on SQUALITY. We bold the highest score in each

column, excluding the “Pre-filled Claude Coarse Plans, E2E” oracle setting.

model generates 34 errors (out of 144 atomic facts), the Blueprint QA, Multi-Task
model generates 32 errors (out of 146), and the Coarse Plans + QA, Multi-Task setting
generates 33 errors (out of 147). The tiny variation in errors supports our conclusion
that no model setting meaningfully outperforms the Phi-3.5-mini baseline. We also
include annotated error samples in Section 5.6.3.

Although we do not report faithfulness scores on the Multi-Task plans, we note
qualitatively that these plans contain hallucinations at roughly the same rate as the E2E
plans. Similarly, conciseness scores range from 72 to 88%, though we note that the
Blueprint QA E2E model scores more than 10 points lower than any other setting.

On grounding, we observe that E2E methods based on Coarse plans are remarkably
tightly grounded to their plans, achieving above 90%. This effect contrasts with multi-
task settings where grounding scores range from 14 to 71%. The effect can be readily
explained by the different task setups: E2E models directly use their plans via the
decoder’s attention mechanism, whereas Multi-Task models only generate plans during

training.
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Dataset Coverage Faithfulness Redundancy Cit. Acc.
SQuALITY 84.44 98.26 0.87 91.26
SummScreen 98.67 98.63 0.0 100.0

Table 5.4: Analysis of coarse plans generated by Claude Sonnet 3.5 v1. Cov.=Coverage,
Faith.=Faithfulness, Red.=Redundancy, and Cit. Acc.=Citation Accuracy.

5.6 Analysis

5.6.1 Claude Synthetic Plans

We would like to know if plans generated by Claude Sonnet 3.5 (used for training)
correctly correspond to relevant sub-events in the source text. To this end, we manually
inspect 20 coarse plans generated by Sonnet 3.5 on SummScreen and SQuUALITY,
covering 115 generated plan points on SQUALITY and 73 on SummScreen. Similar
to our human evaluation, we analyze if each generated plan point is factual to the
source summary (faithfulness), and whether each key fact in the reference summary
is contained in the generated plan (coverage). We inspect each plan for redundant
plan points, and report the percentage of redundant points among all generated points.
Finally, we verify the accuracy of citations by checking if each citation provides a
suitable source sentence for the associated plan point.

The results are shown in Table 5.4. In general, we find that Sonnet 3.5’s plans are
very high quality. Across both datasets, faithfulness scores are above 98%, and we find
that Sonnet 3.5 rarely includes hallucinated details in the coarse plan.

Coverage performance is similarly high on SummScreen but lower on SQUALITY.
We find that the summary length has a significant effect on Sonnet 3.5’s ability to
extract key events, and on longer summaries, Sonnet 3.5’s plans tend to omit key details
more often. On SummScreen, where summaries are generally shorter, this effect is less
noticeable.

On both datasets, Sonnet 3.5’s plans are highly non-redundant — we find only one
case of redundant plan points, in SQUALITY. Likewise, the generated citations are

highly accurate, scoring above 90% on SQUALITY and flawlessly on SummScreen.
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5.6.2 Pre-filled Claude Plans in E2E Setting

Our results have shown that that E2E settings tend to be very grounded in their plans,
but factual errors in planning ultimately lead to unfaithful summaries. On the other hand,
Sonnet 3.5 plans are much higher in quality than the predicted plans across all of our
tested settings. Putting the two together, we are interested to know whether substituting
Sonnet 3.5 plans for the predicted ones could lead to better summaries overall. Although
this implementation is an oracle setting, it can give insight into whether high-quality
plans can lead to better summaries.

We run the Coarse Plans E2E settings as before (without QA) on SQUALITY, but
replace their predicted plans with the Sonnet 3.5 plans. We then score the generated
summaries as before.

The automatic evaluation results are shown in Table 5.2 (bottom row of the SQuAL-
ITY section). Using the pre-filled plans greatly improves ROUGE scores compared
to the normal E2E settings. Although it is tempting to draw the conclusion that the
summaries are therefore higher quality, we suspect this effect is mainly because E2E
settings tend to overgenerate plans, crowding out their summaries. Since the plans are
now pre-filled, E2E models are no longer at risk of generating excessively lengthy plans.
Faithfulness scores on AlignScore and QAFactEval decrease slightly, though we again
question the reliability of these metrics.

Our manual evaluation results are shown in Table 5.3. E2E with Sonnet 3.5 plans
maintains good grounding to plans as before, although with a slight decrease compared
to other E2E methods. We observe a notable increase in coverage (+10 over the next
highest), as the Sonnet 3.5 plans’ coverage is much higher than other plan-guided
models. For the same reason, conciseness scores also increase, as Sonnet 3.5 plans are
typically concise.

Faithfulness also slightly increases by 6.16% over the next highest score. We notice
that although planning content is highly factual, the E2E model tends to follow the plan
but then veer off into hallucinated generation. Overall, pre-filling plans increases scores
across coverage, faithfulness and conciseness scores. Of course, the main challenge is

generating very high quality plans.

5.6.3 Error Samples

Figures 5.5 and 5.6 show sample outputs from four of the model settings we evaluate in

this chapter: the Phi-3.5-mini (non-planning) baseline, Coarse Plans E2E, Blueprint
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QA E2E and Coarse Plans + QA Multi-Task. Red text in each output sample represents
unfaithful facts. We note that all four models hallucinate at roughly equal rates, and plan
points, whether QA pairs or Coarse plans, also include unfaithful content. Moreover,
although the Blueprint QA, Multi-Task and Coarse Plans + QA, Multi-Task models
achieve the highest faithfulness scores in our human evaluation results, we note that
summaries are not qualitatively different, as discussed in Section 5.5.3.

We categorize faithfulness errors roughly as follows:

» Entity errors: The model generates a correct event but substitutes an incorrect
character. For example, in “the leader of the people, Tombold” (Coarse Plans +
QA, Multi-Task), the character is actually named “Tomboldo”. In “The natives
nurse Campbell back to health” (Coarse Plans, E2E), it is actually “Linden” who

is nursed back to health.

* Non-existent events: The model hallucinates an incorrect event. For example,
“Gravgak is killed in the process” (Coarse Plans, E2E) does not happen in the

story.

* Temporal errors: The model generates events that do happen in the story, but
in the wrong order. For example, “Linden gives Tomboldo a gift”’ (Phi-3.5-mini)

does occur in the story but at a much earlier point in time.

We note that these errors are also included in the long document summarization

error taxonomy presented in Kim et al. (2024).
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Captain Linden and his companion, Split, land their ship on the surface of an alien planet. The planet is inhabited by
humanoid creatures that resemble the humans of Earth. The planet is home to the Serpent River, a long rope-like structure
that crawls across the surface of the planet. Split and Linden are on a mission to learn more about the Serpent River and
the planet’s inhabitants. Linden and Split observe two humanoids emerge from the ground. The two humanoids are a
man and a woman. The man is wearing a red sash and a red headdress. The woman is wearing white fur ornaments on
her elbows. The humanoids are performing a ritual as the sun sets. Split and Linden observe the humanoids from their
ship. They notice that the humanoids are being attacked by a group of warriors. The warriors are wielding crude weapons
and swinging them at the humanoids. Linden and Split are worried that they will not be able to warn the humanoids in
time. The humanoids rally around their leader, who is wearing the same red sash and red headdress as the man. The
humanoid leader marches over to Linden and Split’s ship. Gravgak, the guard of the humanoid leader, confronts Linden

and Split. He is worried that the sponge trees, which are camouflaging the warriors, will attack the humanoids again.

Phi-3.5-mini (No Plan)

He wants Linden and Split to repeat the “see-o-see-0" siren noises to keep the humanoids safe. When Linden and Split
repeat the siren, the warriors run back into their hiding places. Tomboldo is the leader of the humanoids, and he is
wearing the red sash and headdress. Linden gives Tomboldo a gift, a musical medallion that plays a tune when it is
touched. Tomboldo accepts the gift, and Linden and Split learn that Tomboldo’s name is “Tomboldo.” They are invited to

accompany Tomboldo back to his cave, where they will be safe from the warriors.

. Captain Linden and Split Campbell land on a strange planet.
. They observe a man-like creature on the planet.

. A group of natives gather for a sunset ritual.

. The natives are attacked by savage warriors.

. Campbell and Linden intervene to save the natives.

. The natives invite Campbell and Linden to their city.

. Campbell is injured during the attack.

. Vauna, the leader’s daughter, nurses Campbell back to health.

O 0 N N L AW N =

. Campbell learns to speak Benzendella.

10. The natives plan to move back to another part of the world.

Captain Linden and his assistant, Split Campbell, land their ship on a strange planet in order to learn more about it.
As they observe the planet from their ship, they see a long, silvery, serpent-like object crawling across the planet’s
surface. Linden and Campbell are the first humans to land on the planet, and they have been sent on this mission by the
EGGWE (Earth Galaxy Goodwill Expeditions). They have been given two pieces of information about the planet: that it
is inhabited by humanoid creatures, and that there is a long, cylindrical “rope” that crawls across the surface of the planet.
Linden orders Campbell to take a closer look at the “rope” while the sun is still shining on it. Campbell does so, and he
reports back to Linden that the object is a living creature that is upright and wearing clothes. Linden is excited to see a

human-like creature on another planet, and he orders Campbell to get ready to meet the creature. Linden and Campbell

Coarse Plans, E2E

observe a group of natives who are gathering in a clearing to watch the sunset. The leader of the group is wearing a red
sash and a red headdress, and the other members of the group are all handsome and muscular. They are all wearing white
fur ornaments on their elbows, which Linden and Campbell infer are for protection. As they watch the natives, Linden
and Campbell notice that the trees around them are moving, and they realize that the natives are not aware that they are
being watched by humans from another world. Suddenly, a group of savage warriors appear and attack the natives. The
natives try to defend themselves, but they are no match for the warriors, who are armed with crude clubs and whips. The
natives rally around their leader, and Linden and Campbell decide to intervene to save them. They use a siren on their
ship to scare off the warriors, and they descend from the ship to join the natives in the clearing. The natives invite Linden
and Campbell to accompany them back to their city, where they can learn more about the planet and the “serpent river”
that the natives worship. They are escorted by Gravgak, a tall, muscular guard who is responsible for keeping an eye on
the moving trees. During the journey back to the city, Campbell is injured when Gravgak accidentally hits him with a
club. Linden uses a capsule bomb to stop the attackers, but Gravgak is killed in the process. The natives nurse Campbell
back to health.

Figure 5.5: Sample outputs from the No Planning baseline and Coarse Plan E2E models

on SQUALITY. Red text indicates factual errors in the output.



Chapter 5. Exploration of Plan-Guided Summarization for Narrative Texts

104

Blueprint QA, Multi-Task

Q: What is the name of the planet that Campbell and Linden land on? A: Serpent River
Q: Who is Campbell and Linden’s sponsor? A: EGGWE

Captain Linden and his crew, Split and Campbell, are on a mission to explore a new planet. They land on the planet and
see a long serpent-like thing crawling over the planet’s surface. They are sent to learn the answers to what it is. They land
at a safe distance from it, and Split records all observable phenomena. They see a man and a woman walking upright and
wearing clothing. The man is the leader of the group, and the woman is the leader’s daughter, Vauna. Campbell and
Linden go out to meet them, and they see a crowd of people gathering around the man and the woman. They notice
that the trees are moving, and they realize that the people are being attacked by a group of warriors. The people rally
around their leader, and Campbell and Linden use their ship’s siren to scare off the attackers. The leader invites Campbell
and Linden to accompany them back to their cave, where they can learn more about the Serpent River and the people’s
relationship with it. Linden and Campbell meet Gravgak, the leader’s guard, and learn more about the people and the
Serpent River. Linden and Vauna fall in love, but Gravgak tries to kill Linden. Linden wakes up from a long sleep, and
Gravgak apologizes to him. Tomboldo tells Linden that soon they will move back to another part of the world, and

Linden will be well enough to travel with them.

Coarse Plans + QA, Multi-Task

—_

. Captain Linden and Split Campbell land on an unknown planet.
2. They observe a mysterious rope-like structure on the planet.
Q: What is the name of the mysterious rope? A: Serpent River
. They spot two humanoid beings on the planet.
. The beings are performing a sunset ritual.
. A group of savage warriors attack the beings.
. Campbell and Linden use a siren to scare off the attackers.
. The beings invite the explorers to their city.

. The explorers learn about the Serpent River and its significance.

NeBENe RS B MY B OS]

. Linden falls unconscious and wakes up with Vauna.

10. The beings plan to move back to another part of the world.

Captain Linden and his assistant, Split, are on a mission to explore a new planet. The planet is inhabited by a humanoid
race that resembles the humans of Earth. They land on the planet and see a long serpent-like object crawling over the
planet’s surface. The object is moving slowly and has been moving for centuries. They land at a safe distance away from
the object. Split is observing the object through a telescope while Linden is writing a report. Linden asks Split to look at
the object through the telescope. Split confirms that the object is moving. Linden is excited to see a human-like creature
on the planet. He orders Split to get ready to meet the creature. They observe the creature from a distance and see that
it is a man and a woman. They also see a group of people gathering in a clearing. Linden notices that the people are
wearing fur ornaments on their elbows, which he assumes are for protection. He also notices that the trees are moving
towards the people. Linden realizes that the trees are camouflaging for a group of warriors. The warriors charge towards
the people with crude weapons. The people rally around their leader. Linden and Split decide to descend from the ship
to help the people. They meet the leader of the people, Tombold, and offer him a gift. Tombold accepts the gift and
introduces Linden and Split to the rest of his group. They learn that Gravgak is the guard of Tombold’s group and that
they are going to take them back to their cave. As they walk back to the cave, Linden and Split realize that they are being
attacked by the warriors. They throw fire bombs at the warriors, injuring Gravgak in the process. Tombold apologizes to
Linden for Gravgak’s injury, but Gravgak refuses to believe that the attack was accidental. Tombold tells Linden that

they will move back to another part of the world soon.

Figure 5.6: Sample outputs from the Blueprint QA, Multi-Task and Coarse Plan + QA,

Multi-Task models on SQUALITY. Red text indicates factual errors in the output.
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5.7 Conclusion

In this chapter, we explore a different approach to building a discourse model, for
the summarization task. We formulate the discourse model as a “plan” for generating
summaries, and investigate several plan formulations for narrative summarization. We
explore lower-level plans with targeted QA pairs, higher-level plans that reflect the
narrative structure of the text, and a combination of both. Our high-level planning
method involves prompting an LLLM to produce training plans, followed by fine-tuning
an SLM. Our results show that, contrary to prior works, planning methods do not offer
a considerable improvement in summary quality or faithfulness. In our manual evalua-
tion, we find that while E2E methods are tightly grounded to summaries, all settings
hallucinate at similar rates, including in the generated plans. Replacing E2E plans
with high-quality Sonnet 3.5 plans improves summary quality and partially mitigates
faithfulness issues. Our work illustrates the difficulty of plan-guided summarization in

narrative text with SLMs.



Chapter 6

Conclusion

6.1 Summary of Findings

In this thesis, we are interested in how we can model discourse in order to improve
language processing in coreference resolution and summarization tasks. We argue that
maintaining a discourse model can improve computational efficiency, maintain high
accuracy, and in summarization, increase summary quality and faithfulness to the source
text.

In Chapter 3, we examine encoder-based coreference resolution systems. Many
existing works involve computing scores for every span in the document, incurring
a high computation cost. We propose a shift-reduce framework which runs in linear
complexity with respect to the tokens in the document. The model incrementally builds
a memory representation of the entities encountered so far, representing entities with the
average of their mentions’ hidden representations. In order to fairly assess against other
systems, we restrict compared systems to also process text incrementally. We show that
on OntoNotes (Weischedel et al., 2013; Pradhan et al., 2012), our incremental system
performs strongly against other incremental ones. The performance advantage improves
further on the CODI-CRAC 2021 corpus (Khosla et al., 2021), perhaps reflecting that
our incremental formulation is more suitable for inherently incremental tasks such as
dialogue interaction. If we relax the incrementality restriction in the base encoder,
our system achieves comparable results to state-of-the-art methods. Analyzing the
performance difference between the sentence-incremental model and part-incremental
model reveals a heavy dependence on the caching mechanism of the base model, XL Net.
The performance difference between our sentence-incremental model and state-of-

the-art methods can be explained by XLNet’s inability to effectively use its caching
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mechanism in an incremental setup.

In Chapter 4, we explore newer seq2seq approaches to coreference resolution
systems (Bohnet et al., 2023; Zhang et al., 2023). Noting that existing works either do
not handle incremental processing (Zhang et al., 2023), or re-input the entire preceding
text for each new sentence (Bohnet et al., 2023), we instead propose a Model-based
Incremental system which incrementally builds up the discourse model as a list of
entities ordered by mention recency. While we find the Model-based Incremental
system scores very similarly to a Full-Prefix Incremental baseline, both systems suffer a
performance gap on OntoNotes compared to non-incremental systems. Significantly, on
LitBank (Bamman et al., 2020), which includes singleton mentions, we do not observe
any performance drop, and instead the Model-based system improves over state-of-the-
art methods. We perform an in-depth analysis between the non-incremental baseline
and Full-Prefix Incremental system, finding that the incremental system struggles with
straightforward proper names and definite noun phrases, even if they have an exact or
partial string match to their antecedent. We hypothesize that this result is caused by the
lack of singleton annotation in OntoNotes, particularly as the performance drop is not
present on LitBank. Lastly, we explore adding NER labels to OntoNotes as a proxy
for singletons, but find that span mismatches between NER and coreference annotation
layers, as well as annotation errors, hinder this method from further improvement on
OntoNotes.

In Chapter 5, we switch tasks and investigate methods for automatic summarization.
We investigate whether plan-guided summarization in SLMs can reduce hallucinations
in long, narrative-based text. We investigate several plan formulations, include existing
QA-based plans, abstractive sub-event plans, and a mixture of both. Surprisingly, we
find that plans do not improve faithfulness or summary quality according to automatic
metrics, despite prior work showing plans can improve summary faithfulness. We
conduct a human evaluation, finding that both plan-based and baseline summarization
methods hallucinate on narrative texts, including in their plans. However, we find
that one training method, the E2E method (Narayan et al., 2023), produces summaries
that are well-grounded to their plans. We perform an oracle experiment, where the
SLM-generated plan is replaced with a much higher-quality LLM-based plan. We find
the resulting summaries are much more faithful to the source texts, and also improve on
coverage and conciseness scores.

Overall, in this thesis we argue that discourse modelling is an effective strategy for

improving language processing in tasks such as coreference resolution and summariza-
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tion. In Chapters 3 and 4, discourse modelling improve computational efficiency while
maintaining accuracy. However, we find that incremental settings are more challenging
than non-incremental ones, and in both chapters, we see performance gaps between
incremental and non-incremental processing. In Chapter 3, this gap is primarily caused
by deficiencies in the encoder’s caching mechanism, while in Chapter 4, dataset anno-
tation artifacts (i.e. singletons) affect the model’s performance. On the other hand, in
Chapter 5 we find that abstractive discourse modelling, i.e. the narrative-based plans, is
much more challenging. Here, although we find SLMs are not able to benefit from the
narrative-based plans, substituting in high-quality, LLM-based plans results in better

faithfulness and summary quality.

6.2 Future Work

6.2.1 Extending the Discourse Model

In Chapters 3 and 4, we represent the discourse model using entities in the text, which in
turn are represented as an average of their mentions’ hidden representations in Chapter
3 and a concatenation of their mentions in Chapter 4. This is a rough approximation of
the discourse model proposed in File Change Semantics and Discourse Representation
Theory. However, the theories involve storing more information about entities than we
implement in this thesis; for example, their state, attributes and actions, the relationships
between entities, etc.

In Chapter 4, we find an explicit case where the loss of context causes the Model-
based Incremental model to miss linking two mentions, namely the deictic “we” with
its speaker, “CNN”. In this case, adding speaker tags in the OntoNotes annotation layer
should be straightforward to implement. However, in other cases, discarding tokens
relevant to the context could be more harmful. For example, consider the following

copular expression from OntoNotes:
My mother was Thelma Wahl.

All coreference datasets we use in this thesis only annotate the left side of copular
expressions as mentions. In this case, the system would add “My mother” to the
discourse model, and discard her name “Thelma Wah!l”. But clearly Thelma Wahl’s
name is an important attribute to consider and should belong to the discourse model.
However, determining exactly which attributes should be extracted from the text and

how is not clear.
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Furthermore, constructing complex discourse models may introduce unwanted noise.
In Chapter 5, the discourse model is formulated as an abstractive plan composed of
sub-events. The complicated and abstractive nature of this formulation introduces
hallucinations into the plan, as there is no guarantee that the generated plan is faithful
to the source text. Any attempt at enriching the discourse model should be wary of the
risks of adding noise instead of positive signal.

Lastly, extending our work on discourse modelling may not only involve adding
more information, but also selectively filtering out unnecessary information. McCoy
and Strube (1999) find that writers often use definite NPs where a pronoun would be
allowed, since the context was unambiguous in what the pronoun was referring to. They
show that writers use definite NPs to “refresh” a salient entity, implying that pronouns
do not keep the entity salient in the discourse model. This may imply that mentions
with different syntactic categories should be handled differently in the discourse model,
with the understanding that pronouns are semantically “empty”, apart from grammatical
gender. For example, it may be more suitable to omit pronouns from the discourse

model, or treat proper names with more weight.

6.2.2 Bridging and Split-Antecedent Reference

In this thesis, we do not address other types of anaphora such as bridging (Clark, 1975;
Asher and Lascarides, 1998; Poesio et al., 2004a) or split-antecedent resolution (Eschen-
bach et al., 1989; Ingria and Stallard, 1989; Kamp and Reyle, 1993). It is interesting to
consider how our model may be extended to accommodate such phenomena. To give

an example, consider the following text:
We had a picnic. The beer was warm.

After encountering “a picnic”’, we would like to not only update the discourse model
with a picnic, but also recognize that picnic-related concepts such as the beer and the
food may emerge in future utterances. Adding all the related concepts to the discourse
model may be infeasible; instead we envision a separate module able to recognize
related concepts given “a picnic”. It should then predict the bridging relation.
Similarly, for split-antecedent reference, when the system encounters a plural re-
ferring expression, such as Tom, Jerry, Sally and Jane, we would allow it to recognize
possible related groupings, such as the boys or the girls. However, determining which
groupings are relevant or plausible may not be straightforward. A mention such as “the

green cup, the red cup and the blue cup” may not contain any relevant groups.
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While both phenomena may seem highly specific, bridging and split-antecedent
references occur regularly among speakers of any language. Both tasks are central to

many NLU applications, such as dialogue interpretation.
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Appendix A

Supplementary Material for Chapter 2

A.1 FineSurE Faithfulness Prompt

The prompt used in the FineSurE metrics for faithfulness evaluation in shown in Figure
A.l.
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You will receive a transcript followed by a corresponding summary. Your task is to assess the factuality of each summary
sentence across nine categories:

* no error: the statement aligns explicitly with the content of the transcript and is factually consistent with it.

* out-of-context error: the statement contains information not present in the transcript.

* entity error: the primary arguments (or their attributes) of the predicate are wrong.

* predicate error: the predicate in the summary statement is inconsistent with the transcript.

* circumstantial error: the additional information (like location or time) specifying the circumstance around a predicate is
wrong.

* grammatical error: the grammar of the sentence is so wrong that it becomes meaningless.

* coreference error: a pronoun or reference with wrong or non- existing antecedent.

* linking error: error in how multiple statements are linked together in the discourse (for example temporal ordering or causal
link).

* other error: the statement contains any factuality error which is not defined here.

Instruction:

First, compare each summary sentence with the transcript.

Second, provide a single sentence explaining which factuality error the sentence has.

Third, answer the classified error category for each sentence in the summary.

Provide your answer in JSON format. The answer should be a list of dictionaries whose keys are "sentence", "reason", and
"category":

non non "o non non

["sentence": "first sentence", "reason": "your reason", "category": "no error", "sentence": "second sentence", "reason": "your

non non non non

reason", "category": "out-of-context error”, "sentence": "third sentence", "reason": "your reason", "category": "entity error",]

Transcript:

{input text}
Summary with N sentences:
{summary sentence 1}

{summary sentence 2}

{summary sentence N}

Figure A.1: The FineSurE prompt for faithfulness evaluation in summarization.
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Supplementary Material for Chapter 3

B.1 Full OntoNotes Results

The full precision and recall scores on OntoNotes can be found in Table B.1.

B.2 Hyperparameters and Other Model Details

The main hyperparameters are listed in Table B.2.
The bottom four rows refer to the maximum number of learned embeddings we use

for each feature. Additionally:

 The top performing Part-Inc model uses 20 sentences as active input, with the

remainder as memory (up to 512 tokens total).

* During training, the Sent-Inc model accumulates gradients after every 32 sen-

tences to ensure that the memory used does not exceed capacity.

Our implementation is based off of Xu and Choi (2020)’s codebase. We find
their model hyperparameters are already extremely well-tuned, and so we do not
explore further hyperparameter tuning for these cases. Regarding new hyperparameters
introduced in this work, we follow previous work in choosing sensible values. For
example, the StackLSTM and Action History LSTM hidden sizes follow Dyer et al.
(2015)’s recommendations.

We train all models using NVIDIA Tesla V100 16 GB cards on an HPC cluster.
Training convergence takes approximately 24 hours. Both Sent-Inc and Part-Inc models

contain around 140 million parameters.
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Enc.  Model MucC B} CEAF,, Avg.
Size R P FI R P FlI R P Fl Fl
SpanBERT 84.8 85.8 853 779 783 78.1 742 764 753 79.6

CorefQA+SP 874 88.6 88.0 820 824 822 783 799 79.1 8&3.1

Large
g s2f+Longformer 85.1 86.5 85.8 77.9 803 79.1 754 76.8 76.1 80.3
s2e + se_ct 853 872 86.3 78.6 80.7 79.6 752 782 76.7 809
B SpanBERT 83.1 84.3 83.7 753 76.2 758 712 74.6 729 774
ase
CorefQA+SP 87.4 852 863 76,5 787 77.6 756 76.0 758 799
longdoc 83.3 83.0 832 755 741 748 70.1 728 714 764
Base ICoref 83.1 84.2 83.6 743 758 75.0 71.7 733 725 770
Part-Inc (Ours) 83.7 82.1 829 759 73.0 744 688 745 716 763
B ICoref-inc 740 79.7 767 58.6 70.6 64.0 63.7 63.1 634 68.0
ase

Sent-Inc (Ours) 78.1 794 78.8 689 683 68.6 558 712 625 70.0

Table B.1: Main results on the OntoNotes 5.0 test set with the CoNLL 2012 Shared
Task metrics and the average F1 (the CoNLL F1 score). The top four systems are not
directly comparable to ours, since they train with a ‘Large’ encoder (either SpanBERT or
Longformer (Beltagy et al., 2020)). Note that scores for Xia et al. (2020) and Toshniwal
et al. (2020b) differ from their reported results because we re-train them with SpanBERT-
base instead of /large. Results for Joshi et al. (2020)-base are taken from Lu and Ng
(2020), which report the SpanBERT-base results.
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Hyperparameter Value
Encoder Learning Rate 2e-5
Task Learning Rate le-4
Adam Eps le-6
Adam Weight Decay le-2
Gradient Clipping Norm 1
Dropout Rate 0.3
StackLSTM Hidden Size 200
Action History Hidden Size 30
Jfu Hidden Size 1000
fc Hidden Size 3000
New Cell Threshold (o) 0.0
0c Max Entity Count 10
0c Max Mention Distance 10
0y Max Span Width 30
Max Speaker Number 20

Table B.2: Hyperparameters used during training.
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Supplementary Material for Chapter 4

C.1 Full OntoNotes Results

The full precision and recall scores on OntoNotes can be found in Table C.1.

C.2 NER-Augmented Inference Additional Information

In our experiments with NER-augmented inference, we explored using several different
sets of NER categories. We found that certain NER types in OntoNotes, such as
ordinal and cardinal numbers, rarely or never intersect with mentions in the coreference
annotations. After analyzing the degree of overlap between each NER category and
mentions in the coreference annotations, we found using the GPE, PERSON and ORG
tags in the first oracle experiment (with Forced Mention Start), and a set of ten categories
in the second experiment, resulted in the best scores. The ten categories are: GPE,
ORG, PERSON, LAW, FAC, LANGUAGE, EVENT, PRODUCT, LOC, DATE and
WORK_OF_ART.

The full precision and recall scores for the NER-Augmented Inference experiments

are shown in Table C.2.
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MUC B} CEAF,, Avg.
Model P R FIL P R Fl P R Fl FI
GPT-4 739 735 737 60.8 64.7 62.7 49.3 557 523 629
SpanBERT 85.8 84.8 853 783 779 781 764 742 753 79.6
CorefQA 88.6 874 88.0 824 820 822 799 783 79.1 83.1
s2e 86.5 85.1 85.8 803 77.9 79.1 768 754 76.1 80.3
wl-coref 84.9 879 863 774 826 799 76.1 77.1 76.6 81.0
ASP 86.1 83.4 872 802 832 81.7 789 783 78.6 825
Link-Append 87.4 883 87.8 81.8 834 82.6 79.1 799 795 833
Copy+TOpyp 86.1 89.2 87.6 80.6 843 824 789 80.1 79.5 832

Token Action + TO3p 859 88.6 872 79.6 835 815 789 78.0 785 824

Token Action, Non-Inc. 86.1 87.9 87.0 79.8 82.2 81.0 79.1 773 782 82.0
Full-Prefix Incremental 86.7 84.3 85.5 80.5 77.5 79.0 789 70.1 743 79.6
Model-based, C=0 86.7 82.7 84.6 79.8 74.8 773 787 669 723 78.1
Model-based, C=50 86.5 833 848 79.8 76.2 78.0 80.0 67.6 733 787
Model-based, C=100 87.0 834 851 80.7 75.8 782 79.6 68.1 734 789
Model-based, C=200 86.8 83.3 850 804 76.2 782 80.0 67.9 73.5 789

Table C.1: Results on the OntoNotes test set. The bottom section shows our proposed

methods.

MUC B3 CEAF,, Avg.
Model P R FIL P R FI P R Fl Fl
Non-Incremental 86.5 87.1 86.8 812 822 81.7 79.5 779 787 824
Incremental 86.6 833 849 80.6 77.1 788 789 70.0 742 793

+ NER Force Men. Start 85.4 84.7 85.0 79.2 789 79.0 77.1 723 746 79.6
+ NER Exact Str. Match 86.0 84.3 852 80.0 783 79.1 78.2 71.7 74.8 79.7
+ Pseudosingleton, 30K 86.5 84.0 852 809 779 794 77.6 728 752 799
+ Pseudosingleton, 60K 85.7 85.3 855 79.8 799 799 774 748 76.1 80.5

Table C.2: Results on the OntoNotes validation set with different methods for augmenting

the dataset with singleton mentions.
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Supplementary Material for Chapter 5

D.1 Examples

An example of a synthetic plan from Sonnet 3.5, alongside the associated gold summary
is shown in Figure D.1. An example of a coarse plan with citations, used for generating

QA pairs, is shown in Figure D.2.

D.2 Coarse Planning Prompt

The prompt used by Sonnet 3.5 to generate plans is shown in Figure D.3.

D.3 Phi-3.5-mini Prompts

The Phi-3.5-mini planning and summarization prompts (Baseline, E2E, Multi-Task) are

shown in Figure D.5.

D.4 Claude Baseline Prompt

The best performing summarization prompt of the 16 summarization prompts we tried

is listed in Figure D.4.
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D.5 Human Evaluation Details

Our evaluation rubric can be found in Figure D.6, and we provide an example of the

type of claims extracted in Figure D.7.
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Captain Linden and his lieutenant "Split" Campbell make up the first manned expedition from Earth to this particular planet,
aiming to investigate a large silver river on its surface. The seemingly-endless silvery strip that traveled the planet’s surface
was unidentifiable as of yet. They see the river-like thing early on, but Campbell spots a humanoid through his telescope—this
being is much like a human man, including the fact that he wore clothing. Captain Linden decides it’s time for introductions, as
if he senses he can trust this being, but they watch as a female and then many other people join the first man on the surface,
seemingly coming out of an underground city. Linden and Campbell think their ship is out of sight, and watch a ritual that
the man is performing to the setting sun. The crowd of people continues to increase, and Linden notices that the landscape is
moving: trees are shifting in the ground. He and Campbell stay in the ship and observe the various types of clothing and the
ritual itself, as well as the moving trees which seemed to be moving to attack the people. They are indeed warriors starting an
attack, and started swinging weapons. Linden tells Campbell to start the siren on their ship to scare away the attackers, and
the first man they’d seen, presumably the leader, starts towards the ship. Once they are close enough, it is obvious that the
humanoids don’t have eyebrows or eye lashes. Captain Linden hands the leader a medallion that plays a song, as a token of
friendship. Tomboldo, the leader, starts a round of introductions through a lot of gesturing. Linden hopes to learn about the
Serpent River through the people to understand its cultural significance, and these people start to ask about the siren noises.
The warriors attack again and panic ensues, pushing the humans to use weapons this time. Gravgak, the guard who had been
escorting the humans, is knocked down. As Linden tries to tend to him, Gravgak knocks him out with his club. Linden is
unconscious for a few weeks, and Vauna, Tomboldo’s daughter, spends a lot of time by the Captian’s side. Linden reminds
Campbell that they weren’t allowed to marry anyone from this planet, but mostly in an effort to warn himself to be careful
around Vauna. He learns that these people are called the Benzendellas. Tomboldo is baffled by the technology that the humans
have, but Linden is not able to communicate his questions about the Serpent River. He sees Gravgak, who apologizes for the
accidental injury, but from Vauna’s reaction Linden is not sure if he is telling the truth. Gravgak insists on talking to Vauna in
private, but Vauna’s father calls them back. It is Tomboldo’s thanks to the humans that gives a glimpse into the meaning of the

Serpent River: he says the humans will ride with them on the rope of life, which they call Kao-Wagwattl.

. Captain Linden and Campbell lead first manned expedition to planet.
. They observe a silver river-like feature on the planet’s surface.

. Campbell spots humanoid beings through his telescope.

. They witness people emerging from an underground city.

. Linden and Campbell observe a ritual and moving trees.

. Tree-like warriors attack the humanoid people.

. Linden uses ship’s siren to scare away attackers.

. Humans make first contact with the planet’s inhabitants.

O 0 NN N LAWY =

. Warriors attack again, prompting humans to use weapons.
10. Gravgak knocks Linden unconscious.
11. Linden recovers, forms connection with Vauna.
Q: How long is Linden unconscious? A: a few weeks
12. Humans learn about the Benzendellas and their technology.
Q: What does Linden not know about? A: the Serpent River
13. Gravgak apologizes for injuring Linden.

14. Tomboldo reveals the Serpent River is called Kao-Wagwattl.

Figure D.1: An example reference summary from SQUALITY (top), with the Sonnet 3.5

synthetic plan and QA pairs (bottom).
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Captain Linden and his lieutenant “Split” Campbell make up the first manned expedition from Earth to this particular planet,
aiming to investigate a large silver river on its surface. [1] The seemingly-endless silvery strip that traveled the planet’s surface
was unidentifiable as of yet. [2] They see the river-like thing early on, but Campbell spots a humanoid through his telescope—this
being is much like a human man, including the fact that he wore clothing. [3] Captain Linden decides it’s time for introductions,
as if he senses he can trust this being, but they watch as a female and then many other people join the first man on the surface,
seemingly coming out of an underground city. [4] Linden and Campbell think their ship is out of sight, and watch a ritual that
the man is performing to the setting sun. [5] The crowd of people continues to increase, and Linden notices that the landscape
is moving: trees are shifting in the ground. [6] He and Campbell stay in the ship and observe the various types of clothing and
the ritual itself, as well as the moving trees which seemed to be moving to attack the people. [7] They are indeed warriors
starting an attack, and started swinging weapons. [8] Linden tells Campbell to start the siren on their ship to scare away the
attackers, and the first man they’d seen, presumably the leader, starts towards the ship. [9] Once they are close enough, it is
obvious that the humanoids don’t have eyebrows or eye lashes. [10] Captain Linden hands the leader a medallion that plays a
song, as a token of friendship. [11] Tomboldo, the leader, starts a round of introductions through a lot of gesturing. [12] Linden
hopes to learn about the Serpent River through the people to understand its cultural significance, and these people start to ask
about the siren noises. [13] The warriors attack again and panic ensues, pushing the humans to use weapons this time. [14]
Gravgak, the guard who had been escorting the humans, is knocked down. [15] As Linden tries to tend to him, Gravgak knocks
him out with his club. [16] Linden is unconscious for a few weeks, and Vauna, Tomboldo’s daughter, spends a lot of time by
the Captian’s side. [17] Linden reminds Campbell that they weren’t allowed to marry anyone from this planet, but mostly in an
effort to warn himself to be careful around Vauna. [18] He learns that these people are called the Benzendellas. [19] Tomboldo
is baffled by the technology that the humans have, but Linden is not able to communicate his questions about the Serpent River.
[20] He sees Gravgak, who apologizes for the accidental injury, but from Vauna’s reaction Linden is not sure if he is telling the
truth. [21] Gravgak insists on talking to Vauna in private, but Vauna’s father calls them back. [22] It is Tomboldo’s thanks to
the humans that gives a glimpse into the meaning of the Serpent River: he says the humans will ride with them on the rope of

life, which they call Kao-Wagwattl. [23]

. Captain Linden and Campbell lead first manned expedition to planet. [1]
. They observe a silver river-like feature on the planet’s surface. [1, 2]

. Campbell spots humanoid beings through his telescope. [3]

. They witness people emerging from an underground city. [4]

. Linden and Campbell observe a ritual and moving trees. [5, 6, 7]

. Tree-like warriors attack the humanoid people. [8]

. Linden uses ship’s siren to scare away attackers. [9]

. Humans make first contact with the planet’s inhabitants. [10, 11, 12]

O 00 N N W AW =

. Warriors attack again, prompting humans to use weapons. [14]

10. Gravgak knocks Linden unconscious. [15, 16]

11. Linden recovers, forms connection with Vauna. [17, 18]

12. Humans learn about the Benzendellas and their technology. [19, 20]
13. Gravgak apologizes for injuring Linden. [21]

14. Tomboldo reveals the Serpent River is called Kao-Wagwattl. [23]

Figure D.2: An example reference summary from SQUALITY with sentence markers in
brackets (top), with the Sonnet 3.5 synthetic plan with citations in brackets (bottom). This
version of the coarse plans is passed to the QA pipeline described in order to extract QA

pairs.



Appendix D. Supplementary Material for Chapter 5 164

Human: Given a text, with enumerated sentences, devise a plan for a summary based on major events in the text. Each plan
point should be a simple, short sentence (3-10 words), followed by references to all relevant sentences that can be used to
validate the information it contains.

Here are some examples:

<example>

Text:

Christina Aguilera had a good Valentine’s Day: She announced yesterday that she’s engaged to Matt Rutler, her boyfriend of
three years, Radar reports. [1] Aguilera, 33, posted a photo to Facebook of her and Rutler holding hands on the beach—and her
hand is sporting a huge ring. [2] "He asked and I said..." reads the caption. [3] Aguilera was previously married to Jordan
Bratman, with whom she has a 6-year-old son. [4] (As they say, the couple who gets arrested together stays together.) [5]
Plan:

1. Christina Aguilera had a good Valentine’s Day. [1] 2. She announced her engagement to Matt Rutler. [1] 3. She posted a
photo of herself and Rutler holding hands. [2] 4. She was previously married to Jordan Bratman. [4] 5. She has a son with
Bratman. [4] 6. The couple was arrested together previously. [5]

</example>

<example>

Text:

The US stands by the "one-China" policy, but that doesn’t mean it can’t sell weapons directly to Taiwan, citing the Taiwan
Relations Act to ensure Taiwan can adequately defend itself—and China isn’t happy about it. [1] The Obama administration
announced a $1.8 billion arms package sale to Congress on Wednesday, Reuters reports, including guided-missile frigates, anti-
tank missiles, Amphibious Assault Vehicles, and $416 million worth of guns, ammo, and other supplies. [2] The announcement
came amid reports that the US had stalled the sale to avoid hearing about it from China, which still claims Taiwan as a territory,
per the Wall Street Journal. [3] Reuters notes the sale comes as US-China relations simmer over the latter’s man-made islands
in the South China Sea and US patrols in those waters. [4] China notes it’s going to sanction the companies involved in the sale
(including Lockheed Martin and Raytheon), with a foreign ministry official telling Xinhua that the sale flouts international
rules and "severely" damages China’s sovereignty. [5] "China’s government and companies will not carry out cooperation
and commercial dealings with these types of companies,” a ministry spokesman says. [6] A Pentagon spokesman gave the
equivalent of an eyeroll Wednesday, per the New York Times, noting, "The Chinese can react to this as they see fit. [7] It’s a
clear-eyed, sober view of an assessment of Taiwan’s defense needs. [8] There’s no need for it to have any derogatory effect
on our relationship with China." [9] Meanwhile, the AP notes that China has issued similar threats before, with "no evidence
they’ve had any meaningful effect.” (All this despite a lengthy handshake last month.) [10]

Plan:

1. US announced an arms package sale to Taiwan. [2] 2. China is not happy about it. [1] 3. China threatens to sanction
companies involved in the sale. [5] 4. US shrugs off the threat. [9] 5. China has issued similar threats before without any
meaningful effect. [10]

</example>

Assistant: Ok. How many plan points do you want me to include?

Human: This will depend on the length of the text. If the text is long you can include many plan points. Make sure each
significant event or occurrence is represented in the plan.

Assistant: What are the numbers in the bracket such as [1], [2] etc at the end of each plan point?

Human: Good question. For each plan point, you are required to cite the relevant sentence number which can be used to
validate the information contained in the plan point. If multiple sentences need to be cited, then separate the sentence numbers
with comma such as [1, 2, 3] or [8, 10].

Assistant: Ok, so the numbers at the end of the plan point correspond to the relevant sentence numbers based on which the plan
point was generated.

Human: Yes, that is correct. Please be very careful with the citation. It is very important that you get the citation correct for all
of the plan points. Please note again that each sentence in the Text ends with the sentence number such as [1], [2] etc.
Assistant: Ok, I will do my best.

Human: Now it’s your turn to write plans. I'll give you the text and you give me the plan with citations for each plan point.
Provide your response after "Plan:".

Text:

{}

Assistant:

Figure D.3: Prompt supplied to Sonnet 3.5 to produce plans from summaries. For brevity,

we only include two ICL examples here. Our actual prompt contains three ICL examples.
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Human: Please summarize the following text (included within <text>and </text>tags) in up

to 512 words.

Return the summary within <summary>and </summary>tags.

<text>

{}

</text>

Assistant:

Figure D.4: The prompt used for summarizing documents with Sonnet 3.5.
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Baseline:

Generate a summary for the following text. Enclose the summary within <summary> and
</summary> tags.

Text:

{}

E2E:

Generate a plan followed by a summary for the following text. Enclose the plan within
<plan> and </plan> tags and enclose the summary within <summary> and </summary>
tags.

Text:

{}

Multi-Task (for plans):

Generate a plan for the following text. Enclose the plan within <plan> and </plan> tags.

Text:

{}

Multi-Task (for summaries):

Generate a summary for the following text. Enclose the summary within <summary> and
</summary> tags.

Text:

{

Figure D.5: The prompts we used for summarizing documents with Phi-3.
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Instructions

1. After reading the story, write a list of “key facts” from the source document. A key
fact should be a major narrative point in the story. Feel free to consult the associated

reference summaries to refine the list.

2. Write a list of atomic facts from the predicted summary, using the definition from

Kim et al. (2024).

3. Then compute each metric as follows:

Coverage: For each key fact in the document, does the key fact appear in the predicted

summary? Compute coverage as:

# of key facts in the source document that appear in the predicted summary
# key facts in the source document

Faithfulness: For each atomic fact in the predicted summary, is it supported in the source

document? Compute faithfulness as:

# of supported atomic facts in the predicted summary

# of atomic facts in the predicted summary
Conciseness: For each atomic fact in the predicted summary, is it highly relevant to the
story? More concretely, does the atomic fact appear in one of the reference summaries?

Compute conciseness as:

# of atomic facts in the predicted summary that appear in a reference summary

# of atomic facts in the predicted summary
Grounding: For each plan point in the predicted plan, does the predicted summary contain

/ refer to it? Compute grounding as:

# of plan points appearing in the predicted summary

# of plan points

Figure D.6: Evaluation rubric used for the manual evaluation task.
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1. Captain Linden and his lieutenant ""Split"" Campbell are exploring a planet, in particular a large, silver river.
2. They observe a group of human-like beings emerge from underground and prepare to meet them.
3. They observe moving trees, which turn out to be warriors in disguise preparing to attack the former group.
4. Linden and Campbell hit a siren on the ship, startling the attackers into retreating.
5. Linden meets the leader of the aliens, Tomboldo, and presents him a song-playing medallion.
6. Soon, they are attacked again. Linden and Campbell use their capsule bombs to dispell the warriors.
7. Their guard, Gravgak, is injured. After being awoken, Gravgak, possibly accidentally, knocks out Linden with a club.
8. Linden spends several weeks recuperating, tended by Campbell and Tomboldo’s beautiful daughter Vauna.
9. While recovering, Linden reminds Campbell that marrying native inhabitants is against their mission’s code of conduct.
10. Tomboldo announces to the Benzendella and the humans they will travel on the river serpent, called Kao-Wagwattl.
1. Captain Linden and Splitland their ship on a strange planet.
2. They want to learn more about it.
3. They see a long silvery serpent-like object crawling on the surface.
4. Linden and Campbell are the first humans to land on the planet.
5. Linden and Campbell have been sent by EGGWE.
6. They know it is inhabited by humanoid creatures.
7. They know there is a long, cylindrical rope crawling the surface.
8. Linden orders Campbell to take a closer look at the rope.
9. Campbell reports the object is a living creature.
10. The creature is upright and wearing clothes.
11. Linden is excited to see a human-like creature on the planet.
12. Linden orders Campbell to get ready to meet the creature.
13. Linden and Campbell observe a group of natives watching the sunset.
14. The leader is wearing a red sash and headress.
15. Other members of the group are all handsome and musclar.
16. Members of the group are all wearing white fur ornaments for protection.
17. Linden and Campbell notice the trees around the natives are moving.
18. They realize the natives are not aware they are being watched.
19. A group of savage warriors suddently appear and attack the natives.
20. The natives try to defend themselves but are no match.
21. The warriors are armed with crude clubs and whips.
22. The natives rally around their leader.
23. Linden and Campbell decide to intervene to save them.
24. Linden and Campbell use a siren to scare off the warriors.
25. Linden and Campbell descend from the ship to join the natives.
26. The natives invite Linden and Campbell to their city.
27. Gravgak is a guard responsible for keeping an eye on the trees.
28. Campbell is injured when Gravgak accidentally hits him with a club.
29. Linden uses a capsule bomb to stop the attackers.
30. Gravgak is killed.
31. The natives nurse Campbell back to health.

Figure D.7: (Top) Key facts extracted from a document in SQUALITY. (Bottom) Atomic

facts from the same document.
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