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Abstract

The massive influx of textual data poses a significant challenge in technical fields,
fueling the research of text summarization systems. Through innovative approaches
in representation learning and extensive data utilization, these systems have demon-
strated remarkable advancements, particularly within domain-specific contexts. More
recently, large language models (LLMs) such as ChatGPT demonstrated an impres-
sive ability to generate abstractive summaries that are fluent and relevant according
to human judgments, even without domain-specific training. While those models are
regarded as strong general-purpose summarizers, technical documents require more
nuanced control of contextual factors that depend on the target audience and task goals.

In this thesis, we argue that integrating contextual factors that are not easily distilled
from reference summaries is crucial for advancing in summarization of long technical
documents. We establish a conceptual framework separating intrinsic factors that can
be determined from document-summary pairs (e.g., redundancy and relevance) and
extrinsic factors (e.g., conciseness and rhetoric) that depend on the task context and
subjective intentionality. Guided by this framework, we approach the summarization
problem as a factorized energy-based model, in which we optimize for intrinsic and
extrinsic factors separately. Our model, FACTORSUM, achieves significant improve-
ments in terms of lexical alignment to reference summaries while requiring modest
compute resources compared to baselines.

Furthermore, we delve into the application of large language models to three types
of scientific summarization tasks: abstract generation, summarization for reviews, and
lay summarization. Our results show that those LLMs excel at the controllability of
stylistic features such as budget and narrative perspective. However, these models ex-
hibit gaps in the understanding of domain concepts in scientific papers, which limits
more fine-grained control. Finally, we also propose an approach to improve the lex-
ical alignment of summaries guiding LLLM summarizers with keywords derived from
FACTORS UM, thus combining the strengths of both approaches.

In conclusion, our investigation confirms that large language models are power-
ful tools for summarization tasks, occasionally eclipsing human-authored summaries
according to expert judgments. However, we find that LLMs struggle to match the
richness of human perspectives in lay summarization, for instance. Our factorized
modeling approach partially addresses these limitations, and hopefully, inspires future

work focusing on context-aware summarization.
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Chapter 1

Introduction

Amidst the vast expanse of text lies
the essence of knowledge, waiting to
be distilled into clarity. In the pursuit
of understanding, we navigate the
labyrinth of language, seeking paths
that lead to insight. Through
innovation and ingenuity, we strive to
unveil the treasures hidden within the

boundless pages of discourse.

ChatGPT

Recent developments in natural language processing (NLP) led to unprecedented
and irreversible changes in the relationship between humans and machines. Surfing
the trends of scaling laws, computational artifacts known as language models enlarged
3 orders of magnitude in 5 years (Zhao et al., 2023) and escaped the constraints of
researchers’ labs to become consumer-facing products. These commoditized large lan-
guage models (LLMs) now help millions of people in creative tasks such as drafting

articles', suggesting recipes for a vegan breakfast, or writing computer programs-.

Among those language generation tasks, text summarization is arguably one of the
most impacted by LLMs. For the first time, users have access to general-purpose mod-

els that output coherent and fluent summaries of news articles (Goyal et al., 2022), sci-

I'The epigraph of this chapter was generated by OpenAI’s gpt-3.5-turbo-0613 on 22 February
2024, using the following prompt: I am writing a PhD thesis that proposes new approaches to text sum-
marization involving long documents. Please provide an inspirational epigraph to use at the beginning
of the introduction chapter.

2nttps://github.com/features/copilot
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2 Chapter 1. Introduction

entific papers (Fonseca and Cohen, 2024), and books (Chang et al., 2024). According
to recent benchmarks (Zhang et al., 2024), the quality of LLM-generated summaries is
even superior to human-written reference summaries used in model evaluation, leading
to claims that summarization might be “almost dead” (Pu et al., 2023).

If it is the case that summarization is mostly solved, what are the remaining chal-
lenges keeping it alive as a research area? To clarify this question, we revisit a central
(and elusive) concept for summarization: importance. According to Jones (1998), a
summary can be defined as “a reductive transformation of source text to summary text
through content reduction by selection and/or generalisation on what is important”
[emphasis added]. While intuitive, this definition is unsatisfyingly circular, leaving
the crux of the problem — the criteria for important content — unspecified. Instead,
Jones (1998) focus on relevant context factors such as purpose and audience, without
specifying the role they play in the selection of important information.

Recently, Peyrard (2018) attempted to address this gap by proposing an information-
theoretic framework that decomposes importance into three factors: redundancy, rel-
evance, and informativeness. Redundancy is a property of the summary alone, and
a summary should be constructed such that it maximizes the entropy over semantic
units, or equivalently, minimizes the redundancy of information. In contrast, rele-
vance refers to the coverage of salient semantic units in a way that approximates their
distribution in the source document. Finally, informativeness measures the coverage
of novel information given background knowledge, that is, a summarization context.
Thus, importance can be viewed as an optimization objective that maximizes relevance
and informativeness while minimizing redundancy?.

Generating summaries with high importance in an information-theoretic sense is of
course not sufficient. Good summaries must also be coherent, fluent, and grammatical,
which is a goal of most natural language generation systems. Putting all those elements
together, one can generalize Peyrard (2018) and (Jones, 1998) ideas by stating that
the quality of a summary is perceived via 3 dimensions (organized in Figure 1.1):
linguistic, intrinsic importance, and extrinsic importance. Linguistic quality relates to
properties that are desirable to most language generation tasks, including redundancy,
fluency, and coherence. Intrinsic importance refers to judgments of content salience

that depend on the source document alone, independently of any external factors. In

3The importance theory proposed by Peyrard (2018) has limitations, especially in the choice of
semantic units, which require better formalization. However, we find that the main importance compo-
nents — redundancy, relevance, and informativeness — and their relationship with external factors serve
as a useful framework to inspire and conceptualize the motivation of this thesis.



contrast, extrinsic importance takes into account contextual and subjective factors such

as summary audience and goals.
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Figure 1.1: lllustration of summary quality factors classified into summary-level (lin-
guistic), intrinsic, and extrinsic dimensions. Redundancy, Relevance, and Informative-
ness are concepts from the importance theory by Peyrard (2018). CE denotes the
cross-entropy function, D is document input for summarization, and K is a external
knowledge. This thesis focus on the controllability of properties related to extrinsic (or
contextual) factors, including style and concept coverage.

Breaking down summary quality into those dimensions also helps to characterize
the recent progress of text summarization systems, which can be divided into pre-GPT
and GPT phases*. In the pre-GPT phase, the surge of deep-learning-based language
models (See et al., 2017; Zhang et al., 2020) pushed summarization progress towards
matching token-level statistics of reference summaries. Those systems moved away
from explicit models of importance in favor of implicit, end-to-end optimization ap-
proaches that tackle the relevance factor proposed by Peyrard (2018). In this period,
the increase in model, dataset, and input context sizes (Zhang et al. 2020; Zaheer et al.
2020; Beltagy et al. 2020, inter alia) resulted in better alignment with reference sum-
maries as measured by metrics such as ROUGE (Lin, 2004) and BERTScore (Zhang
et al., 2019). However, this paradigm quickly showed its limits as collecting high-
quality reference summaries is costly in most domains. Also, evaluation results sug-
gested that high ROUGE scores do not correlate with human perception of quality
(Stiennon et al., 2020).

4We consider that GPT-2 (Radford et al., 2019) marks the start of the GPT phase, when language
models demonstrate capacity to solve some NLP tasks without supervised fine-tuning.
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The GPT phase is characterized by a departure from the task-specific training
paradigm. Large decoder-only models and training datasets continue to scale, lead-
ing to a remarkable finding: language models can engage in question answering, sum-
marization, and translation (to some extent) without being explicitly trained on those
tasks (Radford et al., 2019; Brown et al., 2020). Instead, these tasks can be speci-
fied via prompts like TL; DR, which hints the task is to summarize the content before
the prompt. These findings imply that language models can learn about relevance
solely from the unsupervised language modeling objective, although not as efficiently
as the supervised counterparts. Importantly, GPT-like models can generate summaries
that approach human-level linguistic quality (Zhang et al., 2024), thus addressing the
redundancy, fluency, and coherence factors. Those factors combined with the high
relevance of generated content make large language models strong general-purpose
summarization systems, as they are competent in all linguistic and intrinsic factors

shown in Figure 1.1.

While the competence of large language models as summarizers for wide-audience
content is well-studied (Goyal et al., 2022), the summarization of long technical doc-
uments is not sufficiently explored in the literature. In contrast to most news arti-
cles, technical documents cover several aspects or rhetorical zones (Teufel and Moens,
2002), which can have different relevance according to the task context. For instance,
when writing an abstract of a paper, authors will emphasize aspects of the methods
and results that they judge would persuade readers about their research contributions.
On the other hand, different paper reviewers can make arbitrary decisions about the
coverage of concepts and the relationship to previous work, depending on how the pa-
per content resonates with their technical background. In Figure 1.2, we provide an

example of such diverse concept coverage between two human-written summaries.

The example above illustrates the effects of variability of communicative inten-
tions in the summarization process. Achieving such rich text production would require
that LLLMs capture not only the concepts necessary for producing high-quality sum-
maries but also infer beliefs, intentions, and other internal states of the agents that
produced the summaries. Recently, Andreas (2022) argued that the observation of a
sentiment neuron in product reviews evidence that language models can infer the latent
positive/negative stance of the reviewer. Similarly, we pose the question of whether
LLMs consistently capture summmarization intentionality, which includes decisions
about conciseness, narrative style, concept coverage, and other context factors. To ad-

dress this question, we propose methods to control and evaluate intention alignment in
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Article title: Detecting Hallucinated Content in Conditional Neural Sequence Generation

SUMMARY A: [MOTIVATION] The paper addresses the problem of “hallucinated” con-
tent in conditional neural generation for two specific tasks: machine translation and summa-
rization. [METHOD] It proposes a new task for faithfulness assessment, which classifies
each token as either hallucinated or not. [METHOD] The classifier uses a pre-trained LM
(either XLM-R or ROBERTa) and is fine-tuned on synthetic classification data created using
both ’noisified’ real data and a pretrained LM (BART). [RESULT] Experiments on either
summarization and MT system outputs labeled for hallucinations show relatively encourag-

ing classification results (e.g., F1 of 0.46 to 0.66 for MT, and 0.56 to 0.66 for summarization).

SUMMARY B: [MOTIVATION] This paper proposes hallucination detection at the token
level, which predicts if each token in the generation output is hallucinated or faithful to
the source input. [BACKGROUNDY] In contrast, previous studies usually work on the sen-
tence level. [METHOD] To create synthetic training data, a denoising pre-trained LM is first
used to generate (potentially) unfaithful counterparts T° of the references T. [METHOD]
Then, token-level labels are obtained by comparing T and T* via edit distance. [METHOD]
Finally, a standard classification model is trained on the token-level labels by concatenating
the source S, true and unfaithful targets T (T”). [RESULT]

Figure 1.2: Two human-written reviews for the same article from the MuP dataset (Co-
han et al., 2022), showing different coverage of scientific concepts (annotated in bold).
While summarizer A omits background information, summarizer B chooses to contrast
with previous work (blue) and to omit results (red). This example illustrates the chal-
lenges of subjectivity in summarization and motivates the modeling of context factors
(Jones, 1998).

several scientific summarization settings, leading to competitive results compared to

fine-tuned models.

1.1 Thesis Statement

In this thesis, we argue the next challenge in summarization lies in context factors
(Jones, 1998), that is, elements that are extrinsic to the input document and require a
deeper understanding of the task context. These factors are particularly relevant for
summarizing long and technical documents that can be interpreted from different per-
spectives according to the summarizer’s background and goals. Firstly, we propose

methods to introduce extrinsic context factors in summarization pipelines, leading to
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improvement in summaries of long technical documents. Furthermore, we provide ev-
idence that current summarization systems based on large language models approach
human-level performance on most linguistic and intrinsic quality factors such as flu-
ency, redundancy, and relevance, turning existing evaluation protocols largely non-
informative. Finally, we propose controllability metrics as an alternative way to mea-
sure summarization progress and present methods to guide summarization according

to different task goals and contexts. The thesis contributions include:

* A formalization of summarization as an energy-based model that factorizes in-
trinsic and extrinsic importance factors into separate optimization problems.
Based on our factorized formulation, we introduce FACTORSUM, a summa-
rization model that generates summary snippets (summary views) that can be
globally optimized according to extrinsic factors such as summary budget and
content coverage. This model achieves competitive performance across different
benchmarks for scientific (Cohan et al., 2018) and legal summarization (Malik
et al., 2024), while using about 4 times fewer parameters compared to existing
baselines (Zhang et al., 2020). Furthermore, the results suggest a promising ver-
satility in domain adaptation settings, with lexical alignment scores comparable

to models trained on in-domain data.

* A comprehensive evaluation of large language model summarizers in diverse sci-
entific summarization tasks, including abstract generation (Cohan et al., 2022),
peer review summarization (Cohan et al., 2022), and lay summarization (Gold-
sack et al., 2022). we propose control metrics and prompts covering key stylistic
factors (length and narrative perspective) and keyword coverage. For abstract
generation and review summarization, the results reveal lexical alignment to ref-
erence summaries (measured by ROUGE) comparable to strong supervised base-
lines, while achieving remarkable controllability of stylistic features. Finally,
the human evaluation results indicate a strong preference for machine-generated
summaries, mainly due to their more comprehensive coverage of scientific con-
cepts. These results confirm and expand previous studies based on news articles
(Goyal et al., 2022; Zhang et al., 2024).

* A method to improve the lexical alignment of LLM summarizers via keyword
guidance. Summaries from strong supervised models are leveraged to generate
keywords for summarization prompts. Furthermore, we show how to improve

the recall of keywords in summaries using classifier-free guidance (CFG; Ho and
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Salimans 2022; Sanchez et al. 2023). The approach combines the high linguistic
quality of LLM generations with the high lexical alignment of FACTORSUM.

* A annotate-plan-edit (APE) pipeline that allows per-concept control of scientific
concepts in summaries. Using large language models and annotators/editors,
we demonstrate the effectiveness of the method on scientific lay summarization
(Goldsack et al., 2022), by emphasizing background content in summaries. The
investigation also highlights differences in concept coverage between human and

model summaries.

* An extensive evaluation of concept understanding in the scientific and finan-
cial domains. We design different types of factual and nonfactual (perturbed)
concept definitions that integrate the context of a sentence-level concept classi-
fication task. Besides confirming the intuition that model scale is crucial (but
not always sufficient) for concept understanding, the empirical results reveal rel-
evant differences in the behavior of open-source and proprietary models, when

subject to nonfactual concepts.

1.2 Outline

This thesis is organized as follows:

* Chapter 2 reviews the recent summarization research, focusing on how scaling
and improvements in language modeling are the main drivers for summariza-
tion progress, outpacing domain-specific engineering — the bitter summariza-
tion lesson. Also, an energy-based model view of summarization is outlined,

motivating the experiments in subsequent chapters.

* Chapter 3 introduces a factorized energy-based model, FACTORSUM, to separate
the optimizations with respect to intrinsic and extrinsic importance factors. It
also presents the experiments on long document summarization benchmarks,

including scientific papers and government reports.

* Chapter 4 expands the controllability investigation to large language models. By
controlling stylistic and content coverage factors, we evaluate the performance of
LLM:s in 3 variants of scientific summarization: abstract generation, peer review

summarization, and lay summarization.
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* Chapter 5 explores the controllability of scientific concepts in summaries for
lay audiences. Also, it includes an evaluation of scientific and financial concept

understanding for large language models of diverse scales.

* Chapter 6 summarizes the findings and discusses limitations and possible future

directions.



Chapter 2

Background: From Engineered

Importance to Context Factors

This chapter provides an overview of recent summarization progress, focusing on mile-
stones that changed the modeling of content importance: the transition from human-
engineered importance to neural sequence-to-sequence models, and the surge of causal
large language models. Underlying this presentation is the argument that most of the
summarization-specific inductive biases proposed over the years were superseded by
larger models, datasets, and input contexts. This bitter summarization lesson (inspired
by Sutton 2019) motivates the formalization of summarization desiderata as an energy-
based model introducing context factors (Jones, 1998) and serves as a framework for

the development and evaluation of novel summarizers in the subsequent chapters.

(Erkan and Radev, 2004) (Zhang et al., 2020)

Luhn (1958) LexRank PEGASUS This Thesis
A
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N Task-specific Task-agnostic
Importance Engineering ) )
] . _ language modeling language modeling
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Feature frequency  Rush et al. (2015) GPT-3 publication ChatGPT released
as proxy for First attention-based 10x more parameters Language models
importance neural summarizer Few-shot learning are commoditized

Figure 2.1: lllustrative milestones dividing automatic text summarization research into
three dominant paradigms: importance engineering, task-specific supervised language

modeling, and task-agnostic self-supervised language modeling.
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2.1 Summarization Concepts and Scope

Since the seminal work by Luhn (1958), summarization has evolved as an important
field to address the issue of consuming large volumes of textual information. Besides
its utility as a discipline, summarization also serves as an important testbed for artificial
intelligence systems, since it involves complex language understanding and generation
steps. According to Jones (1998), to produce a good summary, a system has to 1)
interpret the input, that is, to build an intermediate representation of the source text; 2)
transform this representation to keep only relevant information; 3) and finally, generate
a final textual summary. The different elements and design decisions in each of those

steps characterize the different approaches to text summarization.

According to the inputs, the summarization tasks are commonly classified as single-
document or multi-document, depending on the number of distinct sources being pro-
cessed. The domain and characteristics of the documents usually demand specialized
models. For instance, news articles (See et al., 2017) are known to be relatively short
and concentrate relevant information at the beginning of the documents. In contrast,
summarizing scientific articles (Cohan et al., 2018; Beltagy et al., 2020) requires pro-

cessing longer documents with important more dispersed across sections.

The second step refers to the manipulation of input representations according to
some content importance model (Peyrard, 2018). A plethora of approaches were pro-
posed to capture important content, leading to different phases of summarization re-
search depicted in Figure 2.1. These methods include word frequencies (Sparck Jones,
1972), topic models, sentence centrality metrics (Erkan and Radev, 2004), and neural

network text encoders (Liu and Lapata, 2019).

Finally, the third step determines the type of summary to be generated. In extractive
summarization, an optimization procedure is applied to select sentences based on the
importance model from the second step. In contrast, abstractive summaries require the
generation of a new text from the summary representation. This process can involve
sentence compression/fusion and more recently, large neural language models (Zhang
et al., 2020; Goyal et al., 2022).

In this thesis, we focus on abstractive summarization of long technical documents,
including scientific articles (Cohan et al., 2018) and legal judgments (Malik et al.,
2024). To situate our work in the broader summarization literature, we briefly present
the relevant methods and milestones in summarization research, which we divide into

three distinct phases (see Figure 2.1): importance via feature engineering, task-specific
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supervised sequence modeling, and task-agnostic unsupervised language modeling.
For a more comprehensive literature review on summarization, refer to Peyrard (2019)
and Nenkova and McKeown (2012).

2.2 Importance via Feature Engineering

The first phase of summarization research is characterized by the careful design of
textual features that correlate to content importance. These features can based on the
intuition of researchers or learned from data using machine learning techniques. Those
systems are typically sentence-level extractive summarizers that combine a relevance
scoring function and an optimization procedure to select sentences that maximize the

relevance scores, subject to a given budget (Peyrard, 2019).

Frequency-driven approaches The simplest form of intuitive feature is word fre-
quency, which serves as a signal for relevant topics in a document. However, choosing
words merely by their frequency can lead to the choice of non-informative stopwords
such as articles and conjunctions. To address this issue, more elaborated text min-
ing approaches such as TF-IDF (Sparck Jones, 1972) take into consideration the term
frequency on a background corpus. Terms that are more frequent in a given source
document than in the rest of the corpus are considered as topic signatures (Lin and
Hovy, 2000). Other topic modeling techniques applied to summarization include La-
tent Semantic Analysis (Deerwester et al., 1990; Yeh et al., 2005) and Latent Dirichlet
Allocation (Blei et al., 2003; Wang et al., 2009).

Graph-based approaches Another class of summarization systems derives impor-
tance from structured representations of the documents. LexRank (Erkan and Radev,
2004) is a notable example that constructs a graph in which sentences are vertices and
edges represent pairwise similarities between sentences. Then, a measure of centrality
obtained via the PageRank algorithm (Brin and Page, 1998) is used to select the most
central/relevant sentences. Later work proposes variants of this concept by adding sen-
tence position information in news articles Zheng and Lapata (2019) and discourse-

aware edge weighting based scientific rhetorical structure (Dong et al., 2021).

Discourse-driven and semantic approaches Rhetorical Structure Theory (Mann

and Thompson, 1987) defines a method to structure texts by establishing discourse re-
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lations between nucleus and satellite text spans. The nuclei contain the most relevant
content and hence are good candidates for summary sentences (Marcu, 1997, 1998).
Alternatively, Liu et al. (2015) propose the use of Abstract Meaning Representation
(Banarescu et al., 2013) to parse sentences into graphs of concepts and relations. Then,
the sentence graphs are transformed into a summary graph, which is then converted to
text using an AMR-to-text generator, leading to a data-driven, domain-agnostic sum-

marization system.

Cognitively-inspired approaches A different line of work uses knowledge from
cognitive science to inform summarization system design. By leveraging a cogni-
tive model for narrative text comprehension, Zhang et al. (2016) propose a system that
consolidates propositions from a source document in a episodic memory. These propo-
sitions and corresponding sentences are then selected based on their activation scores
computed during reading. In a similar vein, Cardenas et al. (2024) addresses extractive
summarization using the Micro-Macro Structure theory (Kintsch and Van Dijk, 1978)
of cognitive processes involved in text comprehension. A key aspect of this formu-
lation is that working memory during reading can be modeled as a memory tree with
propositions as nodes. In this case, propositions that are closer to the root of the tree
are selected as the most relevant content, while less important information in the leaves

tends to be pruned as the sentences are processed.

2.3 Importance via Supervised Sequence Modeling

The next trend in summarization research capitalized on the representation learning
breakthroughs started in the computer vision community (Deng et al. 2009; Krizhevsky
et al. 2012, inter alia) and later adapted to natural language processing problems
(Kalchbrenner et al., 2014; Bahdanau et al., 2014). In this phase, summarization sys-
tems moved away from explicit importance modeling to end-to-end optimization based
on large datasets and neural network models. Instead of extractive sentence selection
via discrete optimization procedures (Carbonell and Goldstein, 1998), these systems
can generate novel abstractive summaries, conditioned on the source text (Rush et al.,
2015).

Besides computing resources, one crucial enabler of neural sequence-to-sequence
summarizers was the availability of new large-scale summarization datasets such as
CNN/DailyMail (Hermann et al., 2015) and PubMed (Cohan et al., 2018). In Fig-
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Figure 2.2: Summarization performance per year, as measured by ROUGE-1, on the
CNN/DailyMail (Hermann et al., 2015) and PubMed (Cohan et al., 2018) benchmarks.

ure 2.2, we present a sample of the best-performing system across the years, showing
how advances in language modeling helped the generated summaries to achieve higher
lexical similarity to reference summaries, as measured by ROUGE (Lin, 2004). The
first model, the pointer-generator network (See et al., 2017), was designed to address
factuality issues in early language generation models. It promotes a balance between
generating new words from the vocabulary and copying words from the source text
(pointing), which encourages more accurate reproduction of content in summaries.
This method was further augmented with hierarchical discourse information by Cohan

et al. (2018), leading to significant performance improvements.

The transition from attention-based recurrent networks (Bahdanau et al., 2014) to
transformer-based architectures (Vaswani et al., 2017) resulted in marked performance
improvements for summarizers. PEGASUS (Zhang et al., 2020), a large-scale model
(by the standards of that time), introduced innovations in the pre-training strategy by
adding a masked sentence prediction objective, which resulted in performance gains

across several domains.

Later work addressed the problem of processing long documents with more than
1,000 sub-word tokens, which is a known problem of the transformer architecture.

This limitation derives from the self-attention mechanism used in those models, which
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is defined as follows (Vaswani et al., 2017):

Attention(Q, K, V) = softma (QKT) 1% 2.1)
1 , I8 = X| — ; .
Vi

where Q, K, and V are matrices that project the input embeddings into queries, keys,
and values, respectively. The scalar dy, is the dimension of the queries and keys. Hence
the multiplication QK7 is a dot product between all pair queries and keys, which scales
quadratically with the number of input tokens. Zaheer et al. (2020) explore different
sparsification strategies for this attention mechanism, scaling the input context up to
8 times compared to the original attention implementation. Similar approaches were
also introduced by Longformer (Beltagy et al., 2020) and LongT5 (Guo et al., 2022),
which are particularly suitable for summarizing long documents such as PubMed, as
shown in Figure 2.2.

In addition to general-purpose architectures such as LongT5, more specialized
models leverage summarization-specific innovations. BRIO (Liu et al., 2022b) and
SimCLS (Liu and Liu, 2021) replace the regular training based on a single reference
summary with a contrastive objective that scores multiple candidate summaries accord-
ing to their quality. MemSum (Gu et al., 2021) approaches extractive summarization
with reinforcement learning and an iterative sentence selection algorithm based on the
sentence context and extraction history.

Although Figure 2.2 show clear trends of improvement in terms of similarity to ref-
erence summaries, there are known limitations of this paradigm, especially related to
the quality of existing benchmarks and evaluation protocols (Kryscinski et al., 2019).
For instance, recent work by Stiennon et al. (2020) shows that when optimizing sum-
maries directly from human feedback, ROUGE scores are informative for low-quality

summaries but do not correlate with human preferences in general.

2.4 Importance via Unsupervised Language Modeling

A more recent paradigm shift in summarization (and language generation in general)
is the usage of large language models (LLMs) based on the GPT architecture (Brown
et al. 2020; Touvron et al. 2023; Achiam et al. 2023, inter alia). Those systems not only
abandon the idea of explicit importance modeling but also are not specifically trained
for summarization. Instead, the models are exposed to summarization (and other tasks)

via the pre-training data and during instruction tuning (Ouyang et al., 2022).
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Recent work demonstrates that LLMs achieve strong performance in text summa-
rization when evaluated on human preferences. For instance, Goyal et al. (2022) found
that human evaluators prefer summaries produced by GPT-3 over strong supervised
baselines such as BRIO (Liu et al., 2022b). Furthermore, Zhang et al. (2024) con-
cluded that instruction-tuned models performed on par with human freelance writers
and, agreeing with KryScinski et al. (2019), found that the evaluation of news summa-
rization is limited by the low quality of reference summaries. These results reinforce
the need for more comprehensive and robust evaluation protocols. In Chapter 4, we
provide an extensive evaluation of LLMs on summarization of long documents, com-

plementing the existing literature focusing on news articles.

2.5 Summarization Context Factors

Most work presented in previous sections focuses on features of the documents or
implicit features that should be captured by a large collection of document-summary
pairs. However, several aspects that determine content relevance and the shape of a
summary might not be inferred from the source but depend on context factors (Jones,
1998), which can be classified into input, purpose, and output factors.

Input factors refer to the source format and subject. For instance, scientific papers
have specific structures with headings that provide information about the location of
relevant content. Papers also use a particular kind of technical language and visual
presentation tools (e.g., tables and diagrams) that synthesize experimental methods
and results that should be reflected in scientific summaries.

The second (and most relevant) context factor type is purpose, which relates to
how the summary audience and goals. In scientific peer review, it is common to pro-
vide summaries that emphasize the main strengths and weaknesses of papers, which
determines the focus of summaries targeting a highly technical audience (authors and
other reviewers). In contrast, paper abstracts tend to highlight the technical merits and
main results, since the author has the intention to persuade the reviewer of the impact
of the contributions. Other kinds of summaries aim to inform lay audiences (Goldsack
et al., 2022), adding more background information and commonsense analogies about
the topic, as well as simplifying technical jargon. We discuss experiments on scientific
lay summarization in Chapter 4.

Lastly, output factors capture aspects of the style and format of the summary. Typ-

ically, a summary can be presented as running text, use bullet points (as in some news
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articles), or use a pre-defined structure as in summaries for papers reporting random-
ized controlled trials (RCTs; Dernoncourt and Lee 2017). In Chapter 4, we explore
particular prompts to change the narrative style of a summary and match the first-
person perspective found in paper abstracts.

Recent research is focusing on alternative evaluation protocols based on context
factors. Ter Hoeve et al. (2022) conduct a survey among university students and sug-
gest possible research directions to improve summary alignment to students’ prefer-
ences. Another survey by August et al. (2024) investigates the effects of using sim-
plified language in scientific summaries as perceived by readers with varying levels of
expertise. In the future, we expect more research on evaluation using context factors

as more powerful summarizers based on large language models are developed.

2.5.1 A Energy-Based View of Context Factors

While the context factors presented in the previous section provide a useful conceptual
direction for summarization research, they lack sufficient formalization to inform novel
modeling approaches. In this section, we formulate an energy-based model (EBM;
LeCun et al. 2006) intuition that serves as a framework for our context-aware summa-
rization experiments.

EBMs capture dependencies between variables by assigning a scalar value (an en-
ergy) to each combination of variable values. Then, one can perform inference by
finding the value of a variable that minimizes the energy while keeping the other vari-
ables fixed. During learning, the parameters of the energy function are optimized so
that compatible variable configurations have lower energies and bad configurations are
assigned high energies.

Let Eg(D, S, F) be an energy function for a summarization model parameterized by
0. Then, given a source document D = d; and context factors F' = f;, the best summary

S* is inferred via the following optimization procedure:
S* = argminEg(D = d;,F = f;,S5). (2.2)
Ses

During training, the parameter 0 in Eq. 2.2 is optimized by minimizing the loss
functional L(Eg,T) that measures the quality of the energy function Eg given a dataset
of T ={(Dj,R;): i =1...K} consisting of documents D; paired with reference sum-

maries R;:

0" = argmeinL(Ee, 7). (2.3)
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This energy-based formulation is convenient to incorporate context factors due to
its flexibility. First, there is a clear distinction between the two optimization steps —
learning and inference — so that context factors can be addressed in a modular way
without impacting the training step. And importantly, these context factor objectives
are more versatile since they do not need to be expressed as probabilistic models de-
pending on intractable partition functions over all possible summaries.

In practice, for the supervised sequence-to-sequence models such as PEGASUS
(Zhang et al., 2020), the optimization objective in Eq. 2.3 corresponds to the maximum

likelihood estimation:
K
0" = 1 R;|\D;), 2.4
argmgx; 0g pgo (Ri|D:) 2.4)

where p,, is a probability distribution derived from neural network model gg: D — S.
In those cases, the context factors F are latent and it is not possible to fix specific fac-
tor values during inference. One possible solution is to augment the training dataset
by adding extra control tokens (Fan et al., 2018) or prompts (He et al., 2022) to the
inputs so that controllability factors can be specified at inference time. The obvious
disadvantage of this approach is that any change in the space of control factors requires
retraining the entire model. In Chapter 3, we propose an alternative solution that fac-
torizes the energy in Eq. 2.2 so that summaries are optimized for context factors via a
separate extrinsic energy, avoiding expensive retraining.

The large language models described in Section 2.4 are trained on massive datasets
and are exposed to diverse kinds of summarization tasks and context factors F during
pre-training and instruction fine-tuning. Consequently, these models offer extreme
flexibility for specifying context factors via prompts. These prompts range from simple
stylistic output factors such as summarize the document in 5 sentences or more abstract
purpose factors such as summarize the document for a lay audience. In Chapter 4, we
investigate different types of such prompt strategies to adapt summaries to diverse

communication goals.






Chapter 3

Factorizing Intrinsic and Extrinsic

Importance

Typically, supervised summarization models are trained end-to-end to replicate the
style of reference summaries. While effective, this approach makes it harder to adapt
to context factors that require summary styles outside the training distribution. One
such example is generating summaries that are longer (or shorter) than the reference
summaries observed during training. In this chapter, we propose to introduce context
factors by disentangling content selection from the final summary budget optimization,

making abstractive summarization models more versatile and cheaper to train.

The proposed method, FACTORSUM, does this disentanglement by factorizing
summarization into two steps through an energy function: (1) generation of abstractive
summary views covering salient information in subsets of the input document (docu-
ment views); (2) combination of these views into a final summary, following a budget
and content guidance. This guidance may come from different sources, including from

an advisor model such as BART or BigBird, or in oracle mode — from the reference.

This factorization achieves significantly higher ROUGE scores on multiple bench-
marks for long document summarization, namely PubMed, arXiv, and GovReport.
Notably, our model is effective for domain adaptation. When trained only on PubMed,
it achieves a 46.29 ROUGE-1 score on arXiv, outperforming PEGASUS trained in-
domain by a large margin. Furthermore, we report results of FACTORSUM on the sum-
marization of court judgments, where it achieves competitive results but cannot match

the performance of transformers designed for long documents such as Longformer.

19
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3.1 Introduction

Casting summarization as a language transduction problem is convenient given the
existence of powerful neural sequence-to-sequence models that produce high-quality
textual outputs (Zhang et al., 2020; Lewis et al., 2020). However, this framework
conflates multiple steps of the summarization process into a single feedforward step

without taking into account the contextual factors involved (Jones, 1998).

One such decision depending on context factors is the quantity of information to
be included in a summary, reflecting on the generated outputs’ length. This factor is
particularly relevant for long documents that cover many aspects of interest for which
different summaries may be suitable. For instance, in samples from summarization
datasets such as PubMed and arXiv (Cohan et al., 2018), there are many abstracts
including terse passages about the background or methods of the research. In contrast,
others will add more details about those aspects. Often, those choices are due to the

author’s preferences and do not represent an ideal summary for the document.

Furthermore, current evaluation protocols based on n-gram overlap are sensitive to
summary lengths (Sun et al., 2019). For instance, the results in Section 3.3.2.1 pro-
vide evidence that matching ground-truth lengths increases performance significantly.
Thus, recent progress in summarization may be the effect of better length prediction
and not the actual summarization desideratum: a reductive transformation of the source

text that keeps the important information (Jones, 1998).

To address this issue, we propose to avoid budget information as a confounding
factor as much as possible in sequence-to-sequence training. Instead, we treat budget
decisions as extrinsic guidance during summary generation, that is, an objective that is
unrelated to the content of the documents. In this setting, the neural abstractive model
is responsible for the generation of short passages (summary views) capturing relevant
topics of the input document (intrinsic importance objective), while the extrinsic im-
portance objective will encourage the adherence of generated summaries to context

factors such as budgets or aspect coverage.

Specifically, we formulate FACTORSUM, a factorized energy-based model (LeCun
et al., 2006) aiming to find a summary that maximizes the total importance given a
source document, a reference dataset, and contextual factors such as budget and con-
tent guidance. A key piece of our model is the sampling of random document views
that allows the abstractive model to focus on shorter summarization tasks with less in-

fluence of varying summary lengths. Document views are random subsets of the input
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documents, sampled at the sentence level (refer to Section 3.2.1 for details), which
provide multiple shorter versions of the same input. Then, for each document view,
the model generates a separate summary (a summary view), resulting in multiple sum-
maries for each original document. This approach allows the processing of long doc-
uments without truncation, which is a recurring problem in summarization (Beltagy
et al., 2020; Zaheer et al., 2020).

Our model comprises two optimization procedures: learning and inference. In the
learning phase, the model parameters are optimized so that summary views with im-
portant content (as informed by reference summaries) will have lower energies. In
practice, this is implemented by training a neural sequence-to-sequence model to pre-
dict summary views. During inference, a greedy optimization algorithm is used to find
the combination of summary views that maximize the compatibility with the target
budget and other types of guidance. This process is illustrated in Figure 3.1.

Our experimental results on the PubMed, arXiv, and GovReport summarization
benchmarks (Cohan et al., 2018; Huang et al., 2021) show that our approach using bud-
get guidance alone is competitive with resource-intensive baselines such as PEGASUS
(Zhang et al., 2020). The results confirm that matching reference summary lengths sig-
nificantly impacts ROUGE scores, often more than different modeling approaches. We
also investigate the use of existing baselines as additional guidance during summary
generation. In contrast to teacher models in knowledge distillation literature (Hinton
etal., 2015), we leverage existing model prediction during inference only, and thus, we
adopt the term advisor model to refer to our summarization guidance approach. When
guided by BigBird or BART, our model obtains state-of-the-art results on PubMed,
arXiv, and GovReport.

Additionally, we perform domain adaptation experiments in which models trained
on PubMed, arXiv, and GovReport have no access to samples from the evaluation
dataset during training. Our results indicate that FACTORSUM can adapt better to out-
of-domain data, outperforming strong baselines trained in domain on both PubMed
and arXiv. This finding suggests a good generalization capacity and is evidence that
we achieved our objective to disentangle content selection from budget decisions.

Finally, we evaluate FACTORSUM on a different technical domain: court judgment
cases. Specifically, we use CIVILSUM (Malik et al., 2024), a novel dataset of Indian
court decisions paired with human-written summaries. These legal documents exhibit
different features compared to scientific articles such as the prevalence of relevant

information towards the end of documents. While we find that FACTORSUM perform
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Figure 3.1: An overview of the summarization model. During training (top), an encoder-

decoder model (BART) is trained to predict summary views S, from document views
D,,, which are subsets of sentences randomly sampled from the original documents D.
At inference time (bottom), the encoder-decoder model generates multiple summary
views for each document. The sentences in those views are combined into a final sum-
mary following a greedy optimization algorithm that maximizes adherence to a budget
and content guidance.

well on this task, our qualitative human evaluation reveal significant limitations in

summary fluency compared to baselines such as Longformer (Beltagy et al., 2020).

3.2 Intrinsic and Extrinsic Importance

Since our objective is to explicitly model budget decisions, we need a definition of
importance that accounts for context factors. Inspired by the information-theoretic no-
tion of importance developed by Peyrard (2018), we introduce the notion of importance
with respect to intrinsic and extrinsic semantic units.

Intrinsic semantic units are those specific to the document (e.g., salient topics)

whereas extrinsic units are related to a priori external preferences or require domain
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knowledge and grounding that is hard to capture from the textual corpora alone. We ar-
gue that the usual setting of end-to-end supervised summarization evaluated by ROUGE
(Lin, 2004) optimizes for intrinsic importance. In this work, budget and content guid-
ance provided by advisor model summaries (Section 3.2.1.2) play the role of extrinsic
information.

Formally, we define the best summary S* for a document D as the summary that

minimizes the following factorized energy (LeCun et al., 2006):
E(0,D,S,C,b) = E;;;(0,D,S) + Ecx (S,C,b), (3.1)

where we call Ej,; and E,,; intrinsic and extrinsic energies respectively, while b denote
the summary budget guidance and C is a guidance content provided by an advisor
model as explained in Section 3.2.1.2. This energy point of view allows us to unify the
notion of extrinsic and intrinsic semantic units, and present the duality of the energy
functions with respect to learning and inference.

Furthermore, the factorization of the total energy function makes the problem more

tractable and leads to the following advantages:

* Model components can be changed or replaced more cost-effectively. For ex-
ample, adding more components to the extrinsic objective would not require

retraining the intrinsic importance model.

* Issues with differentiability of the extrinsic guideline loss with respect to the

summary views generator parameters are avoided.

* More complex inference procedures than just feed-forward computation are pos-
sible.

An overview of the model components and the summary inference procedure is
represented in Figure 3.1. Given a document D, ny; document views are generated, each
covering a random subset of sentences from the original document (Section 3.2.1).
Then, the intrinsic importance model generates summary views S,,, each partially cov-
ering salient content from the original document D (Section 3.2.1.1). Finally, the ex-
trinsic importance model will optimize the final summary § so that it maximizes the
alignment of the content to a target budget and content guidance. In the following sec-

tions, we detail the model components as well as the training and inference procedures.
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3.2.1 Sampling Document Views

Our model requires multiple summary proposals (or views) to allow the optimization
of the extrinsic energy (Eq. 3.1). One further motivation for using document views is
that it allows the intrinsic encoder-decoder model to focus on shorter sequences, which
makes the less affected by truncation issues. To generate multiple views for the same

document, we implement the following steps (refer to Figure 3.2 for an illustration):

* From a document D, we generate a random sample of sentences, which we call a
document view D,. The number of sentences in D, is controlled by the sampling

factor parameter sy € [0, 1], so that n_sents(D,) ~ s7-n_sents(D).

* Also from D, we extract oracle sentences o; corresponding to each sentence r; in
the reference summary R. We choose as oracle the sentences that maximize the
sum of ROUGE-1 and ROUGE-2 F1 scores: 0; = argmax,., ROUGE_1(s, r;) +
ROUGE_2(s,r;). In our experiments, we found that ROUGE performs on par
with metrics such as BERTScore (Zhang et al., 2019), while demanding less

computation.

* For each oracle sentence o; € D, we collect the corresponding sentence r; from
the reference summary R. These sentences r; form the reference summary R, for
the document view D,,. If there is no oracle sentence in the document view, the

reference summary view R, is empty'.

For each document D from a training dataset 7, we repeat the sampling procedure
described above n, times, yielding a new dataset 7' = {(Dgi),Rg)) ci=1,...,|7T| x
ng} with ny times more samples than the original data. The number of samples ny
and the sample fraction s, are hyperparameters that to be tuned for each dataset. For
PubMed, by sampling n; = 20 views per document, each with 20% of the document
sentences, we obtain document views with 17.2 sentences on average, while covering
99.1% of the original oracle sentences. In Section 3.3.2.5, we provide statistics for
different n; and sy and the heuristics we use for choosing appropriate values.

The intuition behind this sampling method is that if a sentence is relevant for the
entire document, it should also be relevant in different contexts. Besides allowing the
decoupled energy minimization objective, this approach also makes the input docu-

ments and corresponding summaries much shorter than the original data. Thus, our

IExcept during training, when we enforce that each document view has at least one oracle sentence.
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method scales to long documents without requiring specialized architectures for mod-
eling long sequences (Beltagy et al., 2020; Zaheer et al., 2020). Also, in contrast to
previous work, this summary sampling is domain-agnostic as it does not make any
assumption about the discourse structure of the document (Dong et al., 2021; Gidiotis
and Tsoumakas, 2020).

3.2.1.1 |Intrinsic Importance Model

Powerful sequence-to-sequence models such as PEGASUS (Zhang et al., 2020) and
BART (Lewis et al., 2020) are trained to estimate the probability of a sequence of
tokens given a document by minimizing cross-entropy with respect to the data distri-
bution. We hypothesize that these models are good candidates to fulfill the intrinsic
importance objective, as described below.
Learning Given the training dataset 7’ consisting of document views Dgi) and ref-
erence summary views Rg) (Section 3.2.1), we define the intrinsic loss as a negative
log-likelihood functional:

1 -

| . .
U T') = o X LR Ein(6,D1,5))
i=1

J/

~log po(RY|D\)
where pe(RSi) ]Dgi)) is a distribution over the possible summaries S, specifically a
sequence-to-sequence neural network model (Lewis et al., 2020). During learning,

we find the parameters 0" that minimize the loss above.

Inference The summary generation is performed as usual in sequence-to-sequence
models via beam search decoding (Sutskever et al., 2014). We sample summary views

by generating a summary conditioned to the document views:
S\ ~ pe- (- (D). (3.2)

We assume these summary views are samples from low-energy regions of Ej,; =
—log pe- (S@]D@), thus contributing to the minimization of the factorized energy
(Eq. 3.1).

3.2.1.2 Extrinsic Importance Model

The extrinsic importance energy function E,,; measures the compatibility between the

summary, the guidance budget b, and the guidance content C. Thus, the optimal sum-
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Figure 3.2: Steps for the generation of document and reference summary views. From
top to bottom: 1) oracle sentences from the document D are selected based on sim-
ilarity to sentences in the reference summary R; 2) sentences from the document are
uniformly sampled, forming a document view D,; 3) the reference summary view R, is

composed by sentences that correspond to oracles in the document view D,,.
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mary S* is defined as:
St = argm;nEex, (S,C,b). (3.3)

The extrinsic energy is defined in terms of the squared deviation with respect to the
guidance budget and ROUGE-1 score between the generated summary and the guid-

ance content:
Eex(S,C,b) = o (|S|/b—1)> — B ROUGE_1(S,C), (3.4)

where |S| denotes the length of the summary in words, the content C is a summary
provided by an advisor model. The hyperparameters o and 3 weight the contribution
of each guidance signal. In our experiments, we use o0 = J = 1.0 and, as advisor
models, PEGASUS (Zhang et al., 2020) and BigBird (Zaheer et al., 2020).

In our implementation, there is no learning step for the extrinsic importance model.
For inference, we design a greedy algorithm to minimize the energy as detailed in
Algorithm 1. Let Vp be the set of ny; summary views for the document D. Starting
from the initial condition S = 0, the procedure selects the summary view S, € Vp that
minimizes the energy E,(SU{S,},C,b). The view S, is added to the summary if it

satisfies the following additional conditions:

* Non-redundancy: the view S, cannot be redundant with respect to the current
summary S. We consider as redundant a summary view that has a (word-level)
normalized Levenshtein distance? (Levenshtein et al., 1966) to any sentence in

S lower than a threshold ¢ = 0.4 (is_redundant function in Algorithm 1).

* Energy reduction: SU {S,} must have a lower energy than the current best
summary S*. After p iterations without improvement, the algorithm returns the
current best summary S*. Unless otherwise stated, this patience parameter is set

to p = ng, which means the algorithm iterates over all available views.

When B = 0 in Eq. 3.4 (no content guidance), each step of the greedy algorithm adds
the longer summary view that satisfies the non-redundancy condition above, except for
the last step, when a shorter view may better match the budget guidance. We provide

further details on pre- and postprocessing summary views in Appendix 3.2.2.1.

2We use the textdistance library:
https://github.com/lifed/textdistance

3The redundancy threshold was manually tuned by inspecting sample outputs from the validation
set.
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Algorithm 1: Greedy summary generation. Input parameters are the set of sum-
mary views Vp for document D, content guidance C, budget guidance b, redun-
dancy threshold #, and patience p. See the "Non-redundancy” paragraph in Section

3.2.1.2 for a discussion about the is_redundant function.
Input: Vp,C,b,t,p

Output: S*

S« 0,5 + 0

i+ 0;

while Vp #0 and i < p do

S} «—argming, ey, Eox (SU{S,},C,D)

if E.,(SU{S}},C,b) > E.(S*,C,b) then
i<~i+1;

S+ SU{S:};

else if not is_redundant (S,S;,t) then

yMyo

i+ 0;

S+ SU{S:};
S* <« S

Vo < Vp\{S;};

end

3.2.2 Training the Intrinsic Importance Model

The intrinsic importance model pg (Rg)|D£i)) described in Section 3.2.1.1 is imple-
mented using the BART sequence-to-sequence model (Lewis et al., 2020). We fine-
tune the bart-base checkpoint from huggingface* on the datasets of document and
summary views 7’ presented in Section 3.2.1. Unless otherwise stated, we use ng = 20
samples per document and a sampling factor sy = 0.2, as explained in Appendix

3.3.2.5. To ensure replicability, we use a random seed for document views sampling.

For the training process, we use 4 GeForce GTX 1080 Ti GPUs each with 12GB
of memory. Table 3.1 details the training set size (number of documents and summary
views), number of training steps, and time to train the intrinsic importance models for

each dataset. The main training hyperparameters are presented in Table 3.2.

*https://huggingface.co/facebook/bart-base
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Summary
Dataset Docs Steps Hours

Views

PubMed 115k 2.3M 100k 91
arXiv 200k 4AM 200k 180
GovReport 17.5k 340k 50k 51

Table 3.1: Statistics for number of documents, summary views, training steps, and total

training time for each dataset (intrinsic model based on BART-base).

Parameter BART BART
base large
Checkpoint base large
Number of parameters 139.4M  406.3M
Training time Table 3.1 224 hours
Batch size per GPU 4 1
Gradient accumulation 4 32
Effective batch size 64 32
Learning rate 5107 2x107
Learning rate scheduler linear
Optimizer AdamW
Adam f3; 0.9
Adam [, 0.999
Adam & 1x1078
Metric best model ROUGE-1 F1
Floating point precision FP16
Max source length 1024
Max target length 128 768
Generation beams 4 8
Length penalty 1.0 0.6
DeepSpeed ZeRO> - Stage 1

Table 3.2: Training details and hyperparameters for the intrinsic model (BART-base) and

the end-to-end baseline for GovReport (BART-large).
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3.2.2.1 Inference Details

For reproducibility purposes, we provide the generation details for the end-to-end base-
line models in Table 3.3. The intrinsic importance model (BART-base) generation
uses the same maximum source length, maximum target length, beam size, and length

penalty defined for training in Table 3.2.

Extrinsic importance model For summary length control, we adjust the budget
guidance so that the average summary lengths is close to the average length of the
first 1,000 summaries from the validation set (or the entire validation set for GovRe-
port). The budget guidance for each model/guidance type is shown in Table 3.4. For
the domain adaptation results in Table 3.8, the budget guidance corresponds to the
target dataset, i.e., it is the in-domain budget listed in Table 3.4.

In addition to the inference procedure described in Algorithm 1, we apply a pre-
processing step that divides each summary view S, € Vp into sentences. The resulting
sentence-tokenized set of summary views Vp is the union of all sentences. We use the
sentence tokenizer provided by NLTKC.

For FACTORSUM versions using content guidance, the best summary S* returned
by Algorithm 1 is reordered according to the following procedure: (1) for each sum-
mary view in S*, we collect the index of the oracle sentence in the content guidance
text’; (2) The summary views are sorted according to the list of corresponding oracle

indexes, using the Python sorted function®.

3.3 Experiments with Scientific Papers and Reports

Our first experimental setup focus on scientific papers and long government reports. In

this section, we specify details about datasets, baselines, and the evaluation protocol.

3.3.1 Experimental Setup

Datasets Our experiments are performed on the PubMed and arXiv datasets, con-
sisting of documents extracted from the homonymous scientific repositories (Cohan

et al., 2018). To further test the generalization capacity of the model, we also perform

6nltk.org
7Oracle sentences determined as described in Section 3.2.1.
8nttps://docs.python.org/3/library/functions.html#sorted
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PEGASUS
Checkpoint (arXiv) pegasus-arxiv
Checkpoint (PubMed) pegasus-pubmed
Number of parameters 570.8M
Max source length 1024
Generation beams 8
Length penalty 0.8
BigBird
Checkpoint (arXiv) bigbird-pegasus-large-arxiv
Checkpoint (PubMed) bigbird-pegasus-large-pubmed
Number of parameters 576.9M
Max source length 3072
Generation beams 5
Length penalty 0.8
BART-large
Checkpoint (GovReport) See Section 3.2.2
Number of parameters 406.3M
Max source length 1024
Generation beams 8
Length penalty 1.0
All models
Max target length 256
(arXiv, PubMed)
Max target length 768
(GovReport)

Table 3.3: Summary generation details and parameters for the end-to-end baselines.
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Guidance

Pubmed | arXiv | GovReport
Budget Content

FACTORSUM - no content guidance

Oracle - 216 169 656
Fixed - 213 167 656
Model - 217 170 698

FACTORSUM - content guidance

Oracle Lead 221 169 632
Fixed Lead 217 167 624
Fixed Model 232 175 658
Model  Model 227 177 658

Table 3.4: Budget guidance used for FACTORSUM models in Table 3.6. Model guidance
is provided by BART-large for GovReport and BigBird for PubMed and arXiv.

the experiments on GovReport, a dataset containing long reports published by U.S.
Government Accountability Office (GAO; Huang et al. 2021). The only preprocessing
applied is to filter out documents with empty articles or summaries, which lead to the
training, validation, and test splits shown in Table 3.5. We do not truncate the articles

or their abstracts.

Evaluation Metrics We evaluate our models using the ROUGE F-measure metric
(Lin, 2004), with the implementation used by Zhang et al. (2020)°.

nttps://github.com/google-research/pegasus

Dataset Samples Summaries
Train  Validation Test Sentences Words
PubMed 119,920 6,631 6,658 6.8 204.8
arXiv 202,917 6,436 6,440 12.6 292.6
GovReport 17,517 973 973 17.6 546.0

Table 3.5: Key statistics for the summarization datasets. "Sentences” and "Words”

denote the average number of words and sentences in the summaries (training split).


https://github.com/google-research/pegasus
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Baseline models We use the following summarization baselines, for which imple-

mentations and pre-trained models are publicly available:

* PEGASUS (Zhang et al., 2020), an encoder-decoder transformer-based model
that uses a specialized pre-training task of predicting entire masked sentences

and achieves strong performance across several datasets.

» BigBird (Zaheer et al., 2020), a model based on a sparse attention mechanism
that allows transformer-based models to process up to 8 times longer sequences

efficiently.

* BART (Lewis et al., 2020), a transformer-based denoising autoencoder that has
strong performance on text generation tasks. We train our own version of BART-

large on GovReport with a longer maximum target length of 768 tokens.

Also, we add results for the following abstractive systems: DANCER (Gidiotis and
Tsoumakas, 2020), HEPOS (Huang et al., 2021), DYLE (Mao et al., 2022), and Summ?
(Zhang et al., 2021).

As stated above, we train our own end-to-end BART-large baseline on the GovRe-
port dataset. Since the target summaries are long, we set the maximum summary gen-
eration length to 768 tokens, which makes the memory requirements to exceed most
single-GPU capacities (even with batch size equal to one). To address this problem,
we resort to model parallelism techniques provided by the DeepSpeed library (Rajb-
handari et al., 2020), allowing the efficient distribution of the model across 4 GeForce
GTX 1080 Ti GPUs, each with 12GB of memory. We use gradient accumulation to

achieve a effective batch size of 32. Table 3.2 details the training hyperparameters.

3.3.2 Results and Discussion

In this section, we analyze the contribution of different guidance factors on summariza-
tion performance by controlling summary budget and content guidance. Furthermore,
we conduct an ablation study, examining the summary views and the greedy summary
generation contributions to the overall performance. Finally, we discuss domain adap-

tation results. Sample summaries are provided in Appendix A.4.
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PubMed arXiv GovReport
Model
R-1 R-2 R-L Len| R-1 R-2 R-L Len| R-1 R-2 R-L Len
Previous work
DANCERT 46.34 19.97 4242 - |45.01 17.60 40.56 - - - - -
HEPOS+t 48.12 21.06 42.72 - |48.24 20.26 41.78 - |56.86 22.62 53.82 -
DYLE+t - - - - 146.41 17.95 41.54 - |61.01 28.83 57.82 -
SummM§ - - - -] - - - - |56.77 23.25 53.90 -
PEGASUS 43.83 18.72 40.29 180 |43.06 16.39 38.65 168| - - - -
BigBird 45.48 19.92 41.81 185|46.15 18.60 41.46 164 | - - - -
BART-large - - - - - - - - 152.82 19.12 49.99 596
Guidance
Budget Content FACTORSUM - no content guidance
Oracle - 47.37 19.10 43.27 208 |48.87 18.83 43.96 167 |59.80 24.13 56.12 651
Fixed - 45.41 18.66 41.63 206 |47.22 18.60 42.61 165 |58.77 23.99 55.19 650
Model - 44.64 17.98 40.76 185|46.40 18.21 41.85 164 |57.18 23.34 53.66 638
FACTORSUM - content guidance

Oracle Lead |48.31 19.99 44.35 208 [49.69 19.32 44.85 166 (60.73 25.24 57.20 650
Fixed Lead |46.27 19.29 42.57 205 |48.05 19.05 43.49 165 (59.67 25.02 56.22 649
Fixed  Model |47.50 20.33 43.76 205 [49.32 20.27 44.76 165 |60.10 25.28 56.65 648
Model Model |47.34 20.31 43.52 185(48.74 20.12 44.19 164 |58.78 24.87 55.37 638

Table 3.6: ROUGE F1 scores and average words per summary on the test sets for differ-
ent types of guidance during inference. Lead guidance is the first k sentences from the
source document (Section 3.3.2.2). Model guidance is provided by BART-large for Gov-
Report and BigBird for PubMed and arXiv. The choice of budget guidance values is de-
scribed in Appendix 3.2.2.1 and validation scores are provided in Appendix A.1. Results

for models marked with | are taken from the original publications. Underlined results

are statistically equivalent to the best methods (p < 0.05).

3.3.2.1 Effects of Budget Guidance

To test the impact of budgets on the summarization performance we provide three types

of guidance:

* Fixed: the budget guidance is set at a fixed value for all summaries. The bud-
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get is 205, 165, and 648 words, which are the average summary lengths in the

validation sets of PubMed, arXiv, and GovReport respectively.

* Oracle: the model uses the reference summary length as the budget guidance.

* Model-based: the model uses the length of the summary produced by an ad-
visor model (BART for GovReport and BigBird for PubMed/arXiv) as budget

guidance.

To fairly compare the different models, we use an additive budget correction so
that the average number of tokens in system summaries is close to the average length
of reference summaries from the validation set (Table 3.4). The average summary
lengths for each model is presented in Tables 3.6 and 3.8. Also, we provide ROUGE

scores for varying budget guidance values in Section 3.3.2.6.

Fixed budget The simpler version of FACTORSUM is only guided by a fixed bud-
get and its performance is competitive with most baselines, including PEGASUS and
BigBird (Table 3.6, "no content guidance”). It is important to note that the intrinsic
importance model is based on a bart-base model with 139M parameters, which is 4
times smaller than PEGASUS and BigBird.

Oracle budgets The second section of Table 3.6 shows that for FACTORSUM with
no content guidance, having access to the oracle lengths improves the scores by about
2, 1.6, and 1 ROUGE-1 on PubMed, arXiv, and GovReport respectively. We observe
a similar effect with content guidance (third section of Table 3.6). These results agree
with our hypothesis that the impact of budgets on ROUGE is significant and often

larger than the differences between different modeling approaches.

Model-based budgets One may argue that inferring summary lengths is part of the
task. Thus, we also test how summary lengths provided by BART and BigBird affect
the summarization performance. For all datasets, we observe that using model budget
guidance is detrimental to the scores compared to fixed budget guidance (second and
third section of Table 3.6). These results suggest that summary lengths are hard to
predict from the source documents, and highlights the potential benefits of divorcing

content selection and budget optimization.
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3.3.2.2 Effects of Content Guidance

We also examine the impact of different types of content guidance. The first sort of
guidance, Lead, takes the first k sentences from the source article. We choose the
lowest k so that the guidance text has at least the number of words as the fixed tar-
get budget for each dataset (see Section 3.3.2.1). This content guidance improves the
scores by ~0.8 (PubMed and arXiv) and ~0.9 (GovReport) ROUGE-1 points over the
model without guidance. Notably, FACTORSUM with Lead guidance achieves 48.05
ROUGE-1 on arXiv and 59.67 ROUGE-1 on GovReport without relying on predic-
tions from strong baselines. We can further improve performance by providing content
guidance from BigBird and BART, leading to strong performance on all datasets (Ta-
ble 3.6). From these empirical results, we conclude that content guidance is a simple
and effective method to turn strong sequence-to-sequence baselines into more flexible
summarization systems. It should be possible to add more types of guidance to adapt

the summaries to specific needs such as topic coverage.

3.3.2.3 Ablation Study

Our method comprises two main components, a document and summary views and
a ranker extracting the most salient information from those summaries using budget
guidance. To shed some light on the contribution of each component to the overall
performance, we conduct two ablation analyses. First, to better understand the inher-
ent potential of the summary views, we feed them to the FACTORSUM ranker with
reference (oracle) content guidance. Having reference as content guidance serves as
an upper bound for what we can achieve using the summary views. We do the same to
an ensemble of PEGASUS and BigBird, which is a concatenation of their summaries,
for comparison.

Second, to understand the importance of the FACTORSUM ranker (see Algorithm
1), we replace it with TextRank (Mihalcea and Tarau, 2004), a prominent algorithm for
extractive summarization. Having two input variants (summary views and PEGASUS
and BigBird ensemble) and three ranker variants (TextRank, FACTORSUM - no content
guidance, and FACTORSUM - reference content guidance) results in six models. We
use fixed-length guidance for all of the models.

Table 3.7 shows our results on the PubMed and arXiv datasets. We observe sig-
nificantly higher results for FACTORSUM - reference content guidance) when applied

on summary views, compared to PEGASUS and BigBird Ensemble Summaries. This
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PubMed arXiv
Ranker

R-1 R-2 R-L | R1 R2 R-L

PEGASUS + BigBird Ensemble Summaries

TextRank 4393 1833 38.40 | 44.15 16.89 37.32

FACTORSUM 4538 1943 41.49 | 4530 17.60 40.38
FACTORSUM-Oracle | 48.90 21.81 44.76 | 49.34 20.13 43.99

Summary Views

TextRank 42.10 16.71 37.54 | 42.66 1641 37.70

FACTORSUM 4541 18.66 41.63 | 47.22 18.60 42.61
FACTORSUM-Oracle | 51.75 23.31 47.53 | 53.51 2294 48.29

Table 3.7: ROUGE F1 scores on the test sets for the ensemble experiments. We com-
pare summary predictions given by the concatenation of PEGASUS and BigBird sum-
maries against summaries derived from FACTORSUM summary views. We use two
sentence rankers: an unsupervised TextRank baseline and FACTORSUM extrinsic im-
portance ranker. FACTORSUM and FACTORSUM-Oracle use no content guidance and
reference summary guidance, respectively. All models use fixed budget as described

in Section 3.3.2.1. Best non-oracle results are bold-faced. Underlined results are sta-

tistically equivalent to the best scores (p < 0.05).

shows that when both inputs reach their full potential under ideal guidance, summary
views are superior to an ensemble of the two strong baselines, thus containing more
salient information. We observe a similar pattern when using FACTORSUM - no con-
tent guidance as a ranker, showing that summary views serve as a better input to a
more realistic ranker. In addition, we notice that for both types of input, FACTOR-
SUM - no content guidance significantly outperforms TextRank, thus contributing to

FACTORSUM overall performance.

3.3.2.4 Domain Adaptation

Our last experiment, unusual in the summarization literature, aims to test if a model
trained on PubMed/arXiv/GovReport performs well when applied to out-of-domain

(OOD) samples. Our intuition is that FACTORSUM should adapt well to OOD budget
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distributions, whereas the intrinsic model captures domain-specific patterns with less
influence from length and content position noise.

The adaptation performance for similar domains (PubMed and arXiv) is much
higher than summarizing GovReport documents when trained on scientific articles.
FACTORSUM outperforms end-to-end baselines in all cases, especially when there is
a large gap in average summary lengths between the domains. However, it can still

achieve significant improvements on arXiv, for which all models output summaries

with similar average lengths.

valuation PubMed arXiv GovReport
Training R-1 R-2 R-L Len| R-1 R-2 R-L Len| R-1 R-2 R-L Len
End-to-end baseline (BigBird for PubMed and arXiv; BART-large for GovReport)
PubMed 45.48 19.92 41.81 185|42.33 15.16 38.09 161 (19.35 3.57 18.10 222
arXiv 39.47 14.95 35.77 177 |46.15 18.60 41.46 164 |16.61 2.25 15.09 352
GovReport 37.18 11.10 33.96 203 |35.11 8.94 31.67 20352.82 19.12 49.99 596
FACTORSUM - fixed budget, no content guidance
PubMed 45.41 18.66 41.63 206 |44.61 15.88 40.16 165 [42.49 15.07 39.92 350
arXiv 44.40 16.87 40.51 209 (47.22 18.60 42.61 165|48.75 18.07 45.94 414
GovReport 39.67 12.63 35.37 213|38.34 10.74 33.72 167 |58.77 23.99 55.19 650
FACTORSUM - fixed budget and content guidance
(BigBird guidance for PubMed and arXiv; BART-large guidance for GovReport)
PubMed 47.50 20.33 43.76 205 |46.29 17.13 41.86 166 |42.24 15.03 39.68 344
arXiv 45.87 18.10 42.02 210{49.32 20.27 44.76 165|48.65 18.03 45.85 410
GovReport 41.27 14.01 37.10 211{40.00 11.85 35.47 176|60.10 25.28 56.65 648

Table 3.8: ROUGE F1 scores and average words per summary for the domain adap-
tation experiments. Models trained on PubMed, arXiv, and GovReport samples (rows)
are used to summarize articles from the other dataset test splits (columns). The choice
of budget guidance values is described in Appendix 3.2.2.1. Shaded scores are in-

domain results from Table 3.6. Underlined results are statistically equivalent to the best

cross-domain scores (p < 0.05).

Our most important finding is that the ROUGE scores are not as severely affected
as expected in this cross-domain setting. Notably, FACTORSUM trained on PubMed
without content guidance achieves 44.61 ROUGE-1 on arXiv, outperforming PEGA-
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SUS trained in-domain. When guided by BigBird summaries (also OOD), FACTOR-
SuUM scores 46.29 ROUGE-1 on arXiv, also outperforming BigBird trained in-domain.
Similar results are observed for models trained on arXiv and evaluated on PubMed.
On GovReport, FACTORSUM can produce much longer summaries that cover more
relevant content, which explains the substantial improvements in ROUGE scores over
the end-to-end baselines. However, summaries generated by FACTORSUM trained on
arXiv/PubMed cannot match the average length of 650 words produced by the in-
domain version. The reason for this gap is that OOD models generate summary views
with a lower variety of content, which are eliminated by the redundancy control de-

scribed in Section 3.2.1.2.

3.3.2.5 Document Sampling Experiments
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Figure 3.3: ROUGE-1 (F1) scores for different values of sampling factor (ss) and num-
ber of samples per document (n,;), evaluated on the GovReport test set. BART-large is

an end-to-end baseline, which is equivalentto n; = 1 and sy = 1.

The sampling factor (sy) and number of samples per document (n,) are important
hyperparameters that affect the summarization performance and computation costs of
FACTORSUM. By increasing the number of samples per document, the coverage of
oracle sentences is also increased. Also, a smaller sampling factor will make each
document view shorter and less prone to input truncation, at the cost of oracle sentence
coverage.

For our experimental setup in Sections 3.3 and 3.3.2, we pick the sampling factor so
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that the number of sentences/tokens fit BART input limit (1024 tokens) with minimal
truncation. The number of samples per document is chosen so that the coverage of
oracle sentences in the original article is close to 100%, while keeping the resulting
dataset size and training costs manageable. According to Table 3.9, a sampling factor

sy = 0.2 and number of samples n,; = 20 fullfil the requirements above for all datasets.

Sampling Oracle coverage (%) Average

factor (sy) ny=5 ng=10 n;=20 sentences

PubMed

0.1 38.9 65.1 87.6 8.4

0.2 66.7 90.2 99.1 17.2
0.25 77.0 95.6 100 21.6
0.33 87.9 99.7 100 29.0
0.5 98.3 100 100 43.8

arXiv
0.1 37.9 63.8 88.1 27.6
0.2 64.6 88.4 99.0 55.7
0.25 75.6 93.3 99.7 69.8
0.33 86.8 97.7 100 93.2
0.5 96.5 99.9 100 140.0
GovReport

0.1 39.6 65.2 88.5 29.8
0.2 65.4 88.7 99.0 60.2
0.25 76.0 93.4 99.7 75.4
0.33 86.4 97.5 100 100.7
0.5 96.6 100 100 151.3

Table 3.9: Oracle sentence coverage and average number of sentences in sampled
documents (validation sets) for different configurations of sampling factor sy and sam-

ples per document ng,.

To further investigate the effects of different sampling strategies, we train FAC-
TORSUM versions with sampling factor sy € {0.5,0.2} and samples per document

ng € {5,10,20}. In Figure 3.3, we report evaluation results on the GovReport test set,
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which confirm the importance of oracle sentence coverage for the final summarization
performance. Specifically, for a fixed ny; = 5, the model with sy = 0.2 (65.4% oracle
coverage) achieves 54.87 ROUGE-1 versus 58.57 ROUGE-1 for the version sy = 0.5
(96.6% oracle coverage). A model with the same sampling factor sy = 0.2 but using
more samples per document achieves up to 59.67 ROUGE-1 (ng; = 5, 99.1% oracle
coverage).

Finally, we observe that lower sampling factors achieve higher ROUGE scores,
specially compared to the BART-large end-to-end baseline (sy = 1, ngy = 1). These
results suggest that working with shorter inputs is beneficial for summarization. We

believe that this difference in performance is due to less truncation of the inputs.

3.3.2.6 Evaluation Results for Varying Budgets

In Figure 3.4, we provide results for varying budget guidance values on PubMed, arXiv,
and GovReport test sets. For all datasets, there is a consistent improvement for content-
guided summaries versus FACTORSUM without content guidance. We also note that
BigBird content guidance leads to significant improvements on PubMed and arXiv but
BART-large is statistically equivalent to Lead guidance on GovReport, which means

there is still room for improvement in our end-to-end BART-large baseline.

3.4 Experiments with Legal Documents

In a second set of experiments, we evaluate FACTORSUM on a summarization bench-
mark for legal documents. We use CIVILSUM dataset (Malik et al., 2024), which is
derived from civil cases heard by the Supreme Court of India and Indian High Courts
from the country’s independence (1947) up until the 2010-2011 calendar year. In
comparison to related work such as IN-Abs (Shukla et al., 2022), CIVILSUM has sig-
nificantly more samples and offers summaries with higher compression rates. A sum-
mary of the main dataset statistics compared to existing legal summarization datasets
is provided in Table 3.10.

The judgment summaries exhibit clear patterns in the organization of content. First,
a summary usually starts with a legal document reference that applied to the case.
Another salient stylistic feature is that most of the paragraphs in the summaries include
textual references to the relevant paragraphs in the judgments, which we hypothesize

is an important signal for summarization modeling. To leverage this information, we
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Dataset # documents Document Summary
train valid test words sentences words sentences
IN-Abs 7,030 - 100 4,378 - 1,051 -
EUR-LEXSuM 3447 689 459 11,864 340 1,011 32
CIVILSUM 21,015 1,168 1,167 2,123 90 104 4.5

Table 3.10: Statistics for legal summarization datasets, including IN-Abs (Shukla et al.,
2022) and EUR-LEXSuUM (Klaus et al., 2022). We report the number of documents
per split and average length in words/sentences for the input documents and reference

summaries.
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Figure 3.5: Distribution of relevant paragraph positions in the documents (training split)

exhibiting tail bias.

use regular expressions to extract paragraph references of the form [Paras 10, 15,
17] (refer to Table 3.11 for an example). By applying this heuristic, we create a dataset
where each paragraph in a judgment is labeled as 1 if mentioned in the summary, and
0 otherwise. Out of 23,350 documents in the dataset, 22,682 (=~ 97%) contain at least
one referenced paragraph in the reference summaries.

This paragraph reference information reveals an interesting insight about the infor-
mation distribution in the dataset: most of the relevant content is located towards the
end of the documents, a characteristic we refer as to tail bias (Figure 3.5). A conse-
quence of this finding is that summarization systems that are biased towards leading
information, as commonly seen in news summarization (Grenander et al., 2019; Zhu
et al., 2021), should not perform well on our benchmark. We explore this tail bias in

various settings in Section 3.4.1.
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For Respondent No. 3. :- R.K. Malik, Advocate. A. Haryana Labour De-
partment (Group A and Group B) Rules, 1987, Rules 9 and 7 - It is noted
that the existing rules have been repealed and the Draft Service Rules framed
and approved by Public Service Commission, but the draft rules have not been
notified in Gazette and thus, cannot be considered as executive instructions.
1985(1) SLR 41, relied upon. [Paras 7 and 8]

B. Haryana Labour Department (Group A and Group B) Rules, 1987,
Rules 7 and 9 - In relation to the constitutional validity of Article 16, se-
niority and acting promotion granted to the petitioner, it was established that
the petitioner’s promotion was regularised from 6.10.1986, but with no back
salary. However, the respondent was appointed to the post with effect from
24.2.1984 and appointment regularised by Public Service Commission with
effect from 11.1.1986, thereby proving that the respondent was senior to the

petitioner. [Paras 7 and 8]

Table 3.11: Sample abstract from the CIVILSUM test set (ID = 716).

3.4.1 Experimental Setup

In this section, we describe summarization experiments with various types of archi-
tectures designed to process long documents. The objective is to provide a baseline
performance assessment and to measure how the distribution of relevant information
in the documents affects summarization performance. The baseline models are detailed

as follows:

* Random extractive baseline. To get an estimate for the task difficulty, we ran-
domly sample paragraphs from the documents up to 7% of the total words',
subject to a minimum of 100 words. If the document has 100 or fewer words,

the entire document is used as the summary.

» Extractive oracle paragraphs. We also obtain oracle extractive summaries that
include only paragraphs mentioned in the reference summaries. The budget con-
straints are the same as the random extractive baseline described above. In con-
trast to the random baseline, there is no random sampling and the oracle para-

graphs are added in the same order as they appear in the input document.

10We adjust to percentage of words so that the average number of words is similar to the average
number of words in the reference summaries.
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* Longformer (Beltagy et al., 2020), a transformer-based model that implements
an attention mechanism that scales linearly with the input length, which makes
it suited for the processing of long documents. We experiment with various in-
put configurations, including documents truncated to the first (lead) 4,096 input
tokens and truncated to the first (lead) and last (tail) 1,024 tokens. Additionally,

we evaluate the model using only oracle paragraphs as inputs.

* LLAMA-2 (Touvron et al., 2023), a transformer-based large language model
with sizes ranging from 7 to 70 billion parameters. We leverage the fine-tuned
“chat” version of LLAMA-2 and provide it with 4,096 tokens as input. In this
work, LLAMA-2 or LLAMA-2-CHAT refers to the chat version.

Data pre-processing For FACTORSUM, we augment the document-summary pairs
by creating pairs of document views and summary views as described in Section 3.2.1.
To this end, we first perform sentence tokenization on both documents and summaries.
Then, we uniformly sample 20% of the sentences in the documents to serve as doc-
ument views for each one of the 21,013 documents in the training set, resulting in
420,260 shorter training samples. Using the same approach, we obtain 23,360 and
23,340 document-summary view pairs for the validation and test sets respectively.
Apart from the usual input truncation in transformer models, no further preprocess-

ing is performed for Longformer and LLAMA-2.

Training and inference details We use a BART-base (Lewis et al., 2020) check-
point from HuggingFace!' as a starting point to train FACTORSUM summary views
generator, following the same training protocol and hyperparameters detailed in Sec-
tion 3.2.2. The training is performed for 50,000 steps and we choose the checkpoint
with the highest ROUGE-1 F1 score on the validation split. We employ a pre-trained
LED-base checkpoint from HuggingFace'? for Longformer and finetuned the model
using a learning rate of 1 x 10~* on 4 NVIDIA A100 GPUs with 128 effective batch
size. The maximum length for summary is set to 256 tokens. All other training de-
tails align with those used for FACTORSUM. During inference, FACTORSUM per-
forms the greedy optimization described in Section 3.2.1.2 using the same sampling
hyperparameters as the training phase (20 document views per sample, each with

20% of the original sentences), with a budget constraint of 190 words per summary.

Unttps://huggingface.co/facebook/bart-base
2https://huggingface.co/allenai/led-base-16384
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Model Paragraphs Input Tokens R-1 R-2 R-L
Extractive random - 31.81 8.38 20.92
Extractive oracle - 33.12 10.11 22.01
LLAMA-2-CHAT-7B lead 4096 37.12 1255 2543
LLAMA-2-CHAT-13B lead 4096 36.73 11.63 25.61
LLAMA-2-CHAT-70B lead 4096 37.39 12.61 25.74
FACTORSUM lead 1024 40.33 15.74 31.98
FACTORSUM tail 1024 41.80 16.53 33.30
FACTORSUM oracle 1024 46.51 20.67 37.07
Longformer lead 4096 44.80 18.37 36.85
Longformer lead 1024 41.77 16.15 34.37
Longformer tail 1024 4435 17.65 36.32
Longformer oracle 1024 44.10 18.53 36.77

Table 3.12: ROUGE F-1 scores for the legal summarization task. lead and tail refer
to summaries focusing on the start and end of documents, respectively. The oracle

variants leverage oracle paragraph information as described in Section 3.4.1.

Longformer uses a beam size of 3. For LLAMA-2-CHAT, we query the model with
the prompt template: “${document}.\n Write a summary of the text above
in 4 sentences.”, and parse the model’s completion as the candidate summary. For
sampling hyperparameters, we use a value of 0.6 for temperature, and 0.9 for top-p

filtering (Holtzman et al., 2020).

Evaluation metrics In all experiments, we report performance measured by ROUGE-
1/2/L F1 score (Lin, 2004), following previous work in the summarization literature.
ROUGE metrics measure the word overlap, bigram overlap, and longest common se-
quence between system-generated and reference summaries. Also, we report the re-

sults of human evaluation in Section 3.4.2.2.

3.4.2 Results and Discussion

In this section, we present our main findings based on the automatic evaluation metrics

and a more qualitative evaluation by legal experts.
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3.4.2.1 Automatic Evaluation

The results in Table 3.12 show a large gap in performance between a paragraph-based
extractive summarizer and the abstractive approaches. This result suggests that sum-
marizing more fine-grained, intra-paragraph abstractive processing is required to gen-
erate high-quality summaries. Still, we can verify that paragraph references are highly
informative, improving the scores by ~ 14 R-1 over the random extractive summarizer,
and ~ 6 R-1 over FACTORSUM with lead guidance. Moreover, Longformer’s perfor-
mance with only oracle paragraphs as input is approximately ~ 2.4 R-1 points higher
than when using the first 1,024 tokens (lead). It is comparable to the performance
achieved with 4,096 tokens, providing additional evidence for the informativeness of
the referenced paragraphs.

Another salient pattern is the higher informativeness towards the end of the docu-
ments, which can be verified by comparing the results of FACTORSUM with lead and
tail guidance. Similarly, we observe a strong loss in Longformer performance by trun-
cating the documents to the first 1,024 tokens (lead) compared to using 4,096 tokens,
but the loss in performance is much smaller when using the last 1,024 tokens (tail).
Finally, we observe that LLAMA-2 exhibits superior performance to extractive sum-
marization approaches, yet remains inferior to other abstractive methods. We posit this
stems from evaluating LLAMA-2 in a zero-shot setting without fine-tuning. As LLMs
show promise in legal summarization, we leave finetuning LLAMA-2 with in-domain
data for future work. Additionally, we observe that scaling LLAMA-2 parameters
does not further improve performance. Nonetheless, the zero-shot results demonstrate
LLAMA-2’s capability to generate reasonable abstractive summaries without training.

Further tuning could likely adapt the model to the target summaries’ style and content.

3.4.2.2 Human Evaluation

In addition to automated measures like ROUGE, we designed a human evaluation to
collect preference annotations. Our evaluators comprised two trained Indian lawyers
familiar with the cases, who examined 25 randomly selected samples. For each given
document, annotators were presented with summaries from three summarization sys-
tems: FACTORSUM, Longformer, and LLAMA-2-70B (the source for each summary
was not revealed to the evaluators). They were first instructed to select their most
preferred summary to replace a technical judgment abstract. Subsequently, they were

prompted to choose the best summary according to the following criteria:
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1. Relevance: assesses the extent to which the summary accurately captures and
reflects the key points of the judgment. A relevant summary should focus on

important aspects of the text while excluding irrelevant or extraneous details.

2. Consistency: refers to the uniformity and logical flow of information within the
summary. It evaluates whether the summary maintains coherence and does not

contradict itself or the facts in the original judgment.

3. Fluency: measures the readability and naturalness of the summary’s language.
It considers factors such as grammatical correctness, syntactic structure, and

overall smoothness of expression.

4. Coherence: assesses the clarity and organization of ideas within the summary
and evaluates how well it connects and relates different pieces of information. A
coherent summary should present information in a logical sequence with clear

transitions between ideas.

5. Informativeness: evaluates the extent to which the summary provides the es-
sential details from the judgment. It considers whether the summary includes

relevant content while avoiding redundancy or trivial information.

Regarding the results for the first question, the first annotator preferred the FAC-
TORSUM, Longformer, and LLAMA-2 summaries 10, 9, and 6 times, respectively.
The second annotator preferred them 8, 13, and 4 times. The inter-annotator agree-
ment as measured by Cohen’s kappa was 0.44, indicating moderate agreement. For the
second question, the preferences were 6, 6, 13, and 6, 7, 12, respectively. The inter-
annotator agreement was 0.52, again suggesting moderate alignment'?. These results
imply that for technical adequacy, summaries from supervised models like FACTOR-
SUM and Longformer were preferred. However, considering overall summary quality,
the LLAMA-2 summaries were favored. The mixed results confirm our expectations
that supervised models are better at following the technical style and jargon of refer-
ence summaries, while LLAMA-2 produces more fluent, high-quality summaries in a

linguistic sense.

3The relatively low agreement is due to the highly ambiguous nature of the task. This aspect could
be improved by providing a more structured calibration rounds to the annotators, which would increase
the experiment costs.
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Reference abstract: Under the Uttar Pradesh Public Services (Reservation for Scheduled
Castes, Scheduled Tribes and other Backward Classes) Act, 1994, Rule 3(4) for Recruitment
Eligibility, the State Engineering Services (Special Recruitment) Examination is conducted for
the recruitment of SC and ST candidates.’, "In this process, it is reasonable to fix a minimum
aggregate of 40% marks as the standard for evaluating candidate suitability.’, It was estab-
lished that the petitioner did not obtain the required minimum marks and was subsequently not

called for an interview, therefore, there is no justification for intervention. [Paras 7, 8, and 9]

Longformer summary: constitution of india, article 16 - u.p. public services (reservation
for scheduled castes, scheduled tribes and other backward classes) act, 1994, section 3(4) -
interview - suitability - petitioners who appeared in state engineering services (special recruit-
ment) examination, 1995 conducted by respondent no. 2 and were not called for interview -
it was held that the petitioners were unsuitable for interview as they could not secure the 40%
minimum marks required for judging their suitability. however, the criterion was not deemed

arbitrary and did not violate any laws. hence, the petition was dismissed. [paras 7, 8 and 9]

LLAMA-2 summary: The petitioners, who were candidates in a special recruitment exami-
nation for S.C. and S.T. candidates, filed a writ petition against the respondents, claiming that
they were not called for an interview due to the respondents’ illegal fixing of 40% minimum
marks in aggregate. The Court found that the requirement of securing 40% minimum marks in
aggregate was not arbitrary and did not suffer from any legal infirmity. Therefore, the Court
dismissed the writ petition, finding that the respondents did not commit any error in not call-
ing the petitioners for an interview. The petitioners did not obtain the required 40% minimum

marks in aggregate, making them ineligible for the interview.

FACTORSUM - Lead content guidance: Constitution of India, Articles 14, 16 and 226 - Se-
lection - Interview - Selection for the post of S . C. and S .T. candidates - Petitioners appeared
in State Engineering Services (Special Recruitment) Examination, 1995 conducted by respon-
dent No. 2 for recruitment of SC and ST candidates. T. candidates - The requirement of 40%
marks in aggregate for assessing the suitability of a candidate for being called for interview is
not illegal . [Para 5]

P. Public Services (Reservation for Scheduled Castes, Scheduled Tribes and other Backward
Classes) Act, 1994, Section 4 - Recruitment - Interview - Post of Lecturer - Petitioners, who
were appointed as Lecturers, challenged the appointment of Respondent No. 2 as Lecturer after

obtaining 40% marks in aggregate. Constitution of India, Articles 14 and 16 - U .

Table 3.13: Sample abstract and generated summaries from the CiviLSuM test set (ID

= 8). References to paragraphs in the source document are shown in blue color.
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In addition, the annotators observed that although the summaries were generally
adequate and captured key points successfully, there were deficiencies in sentence
construction ambiguity, erroneous interpretations of interest payment, and sporadic
incompleteness. Furthermore, concerns were raised about the lack of conciseness and
occasional omission of conclusions, which are crucial elements in summarizing legal
judgments. In the sample summaries (see Table 3.13), evaluators highlighted specific
issues, including the overuse of articles 14 and 16 of the Constitution of India with-
out proper contextual relevance, a tendency to refer to party names instead of directly
addressing the real issue, and the use of personal pronouns instead of maintaining an
objective tone. Moreover, there was a lack of sufficient attention to the legal aspects of
the issue, resulting in an incomplete and inadequate portrayal of the real issue from a
legal standpoint. Overall, the evaluation suggests that the legal benchmark is challeng-

ing, and current summarization systems struggle to produce satisfactory summaries.

3.5 Related Work

Ranking and aggregating candidate summaries Recent work explores the idea of
sampling summary candidates that are scored to form a final summary. The SiImCLS
(Liu and Liu, 2021) model generates several summary candidates using diverse beam
search (Vijayakumar et al., 2016), which are ranked according to a learned evaluation
function. Also, the Perturb-and-Select summarizer (Oved and Levy, 2021) uses simi-
lar ideas in a multi-document opinion summarization task. Instead of a diverse beam
search, it performs random perturbations in the model inputs to generate candidates
ranked according to a coherence model. Iso et al. (2021) presented COOP, a frame-
work that improves the aggregation methods for multi-document opinion summariza-
tion representations by maximizing their input-output word overlap. Our approach
differs from these models as our sampled summary views are not full summary can-
didates but partial views with important semantic content from the original document.
Also, the SimCLS ranking uses intrinsic importance only (similarily with respect to

the original document).

Divide-and-conquer approaches for long document summarization In the scien-
tific domain, the DANCER model (Gidiotis and Tsoumakas, 2020) breaks a summa-
rization task into multiple smaller sub-tasks, which share similar motivation to our

intrinsic importance model. However, they use several heuristics to select specific
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sections of the papers (introduction, methods, results, and conclusion) while our sam-
pling approach is domain agnostic. Recently, Mao et al. (2022) proposed DYLE, an
extract-then-generate method that extract text snippets from chunks of the input doc-
ument, obtaining state-of-the-art results on GovReport. Zhang et al. (2021) presented
a multi-stage summarization method that generates coarse summaries for each docu-
ment segment, which are then used to obtain a fine-grained summary. Cao and Wang
(2022) add a learnable hierarchical bias term to the transformer attention mechanism,

which allows the model to capture information about the structure of long documents.

Controllable summarization Controlling length in summaries has been addressed
by leveraging positional encodings (Takase and Okazaki, 2019), a length-aware atten-
tion mechanism (Liu et al., 2022a), and optimization objectives that include a length
constraint (Makino et al., 2019). Kikuchi et al. (2016) explore different length control
techniques at the learning and decoding stages. Control of other attributes such as en-
tity coverage and summary style were achieved with control tokens (Fan et al., 2018;

He et al., 2022) and constrained Markov Decision Processes (Chan et al., 2021).

Similar to this work, GSum (Dou et al., 2021) uses content guidance to improve
summary quality. However, we note that GSum’s guidance is used as input of its
sequence-to-sequence model, and shifts in guidance distribution would require fur-
ther training. In contrast, FACTORSUM allows one to change the budget or content
guidance without expensive retraining. Regarding evaluation, the best GSum vari-
ant achieves 45.09 ROUGE-1 on PubMed, whereas FACTORSUM achieves 45.41 R-1
without content guidance and 47.5 R-1 with content guidance. Finally, our sequence-
to-sequence architecture is based on BART-base, thus requiring significantly fewer

training parameters than GSum’s dual BART-large encoders.

Legal summarization In the legal domain, previous work investigated the summa-
rization of legislative texts, with a focus on US Congressional and California state bills
(Kornilova and Eidelman, 2019) and topic modeling applied to multi-document sum-
marization in the Brazilian lawmaking process (Silva et al., 2021). Further research on
legal documents spanned diverse areas such as legal acts (Aumiller et al., 2022), legal
cases (Bhattacharya et al., 2021; Elaraby and Litman, 2022; Ghosh et al., 2022; Shukla
et al., 2022), debate dialogue (Duan et al., 2019), and European regulatory documents
(Klaus et al., 2022).
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3.6 Limitations

While our model requires fewer compute resources for training, the inference step is
more expensive. For each document, n; = 20 document views are sampled and ny
feedforward computations are performed for the intrinsic model (BART-base) before
the greedy summary generation algorithm is applied. In our experiments, BART-base
averages 0.27 x ny seconds per sample. The greedy generation adds in the worst case
an average of 1.5 seconds per sample using a naive single-threaded implementation,
which gives a total of 6.9 seconds per document. Fortunately, these computations are
highly parallelizable, and more careful tuning of the number of views per document
ng would make the runtime similar to a single large neural model. For comparison,
PEGASUS and BigBird-PEGASUS take on average 3.13 and 3.85 seconds per sample
on a single GeForce GTX 1080 Ti GPU (batch size = 4).

Furthermore, our model exhibits factuality issues, which is a common challenge
in abstractive summarization. However, by designing the model with multiple sum-
mary views and easily customizable constraints, with careful application of domain
knowledge, the hallucination problems can be significantly mitigated. For instance, in
the application of FACTORSUM in the financial domain, multiple constraints to retain
factuality and reduce ambiguity were developed jointly with the Actelligent team by
utilizing their domain knowledge. This resulted in the successful mitigation of nonfac-
tual, ambiguous, or inconsistent content in the summaries.

Finally, the greedy optimization based on independent summary views leads to
summaries with low discourse quality. This issue is easily observed in sample paper
summaries (e.g., Table A.8), where there is a repetition of sentences starting with In
this paper, and an unnatural ordering of content. One possible way to address this
issue is by using a strong summarizer (e.g., a large language model) that is able to
synthesize information from the entire document while using the summary views from

FACTORSUM as context. This approach is investigated in Chapter 4.

3.7 Conclusion

In this work, we embrace the idea that general-purpose summary is an elusive goal
and that contextual factors such as preferences for summary lengths are essential in
the design of summarization systems (Jones, 1998). We propose a framework to sep-

arate budget decisions from selecting important content in the document using neu-
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ral sequence-to-sequence models as building blocks. Our results suggest improved
performance in both in-domain and cross-domain summarization of long documents.
However, our human evaluation experiments in the legal domain reveal the limitations
of our method in terms of summary fluency. In Chapter 4, we address the issue of
fluency using large language model summarizers guided by keywords derived from
FACTORSUM summaries. In Chapter 5, we investigate the effects of domain-specific
extrinsic guidance that would encourage the summaries to cover aspects of interest,

e.g., methods, results, and conclusions in scientific papers.






Chapter 4

Controlling Extrinsic Factors with

Large Language Models

Large language models (LLMs) are an emerging technology that shows promising re-
sults across a wide range of language understanding problems. In contrast to the sum-
marization method we presented in the previous chapter, FACTORSUM, LLMs often
are more costly to fine-tune and deploy for task-specific inference. However, these
models can generate text with remarkable quality across multiple domains, which can
address the issues with lack of fluency of summaries produced by FACTORSUM. In this
chapter, we investigate the application of large language models on scientific summa-
rization tasks. We identify key stylistic and content coverage factors that characterize
different types of summaries such as paper reviews, abstracts, and lay summaries. By
controlling stylistic features, we find that non-fine-tuned LLMs outperform humans in
the MuP review generation task, both in terms of similarity to reference summaries and
human preferences. Also, we show that we can improve the controllability of LLMs
with keyword-based classifier-free guidance (CFG) while achieving lexical overlap
comparable to strong fine-tuned baselines on arXiv and PubMed. However, our results
also indicate that LLMs cannot consistently generate long summaries with more than
8 sentences. Furthermore, these models exhibit limited capacity to produce highly ab-
stractive lay summaries. Although LLMs demonstrate strong generic summarization
competency, sophisticated content control without costly fine-tuning remains an open

problem for domain-specific applications.
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Article Length: 3 sentences
Narrative: third person

Keyword Model ]

\ keywords

Article: {article}

Write a summary of the article above in 3 sentences.
Write in third person. Focus on the keywords:
Thompson, sampling, sequential, variational.

+ Classifier-Free Guidance

SUMMARY: This work develops an analog to Thompson sampling by

[ LLM Summarizer }

upper-bounding the expected regret in sequential decision-making prob-
lems. The two terms in the upper bound loosely resemble the evidence
lower bound of variational inference: the first term encourages selecting
arms with high expected reward; the second term depends on the inverse
of the rate function and penalizes heavy tails and encourages exploration.
The resulting variational Thompson sampling algorithm is evaluated on

a random game and a constrained bandit problem.

Figure 4.1: An overview of our controllability experiments. We expose LLM summa-
rizers to prompts conveying communicative intentions related to conciseness, narrative
perspective, and keywords inferred by a keyword model. Then, we measure how gen-

erated summaries adhere to those intentional targets.

4.1 Introduction

Recent work on the evaluation of large language models (LLMs) has shown unprece-
dented performance on diverse language generation tasks, even in zero-shot settings
(Clark et al., 2021). Specifically in text summarization, Goyal et al. (2022) found that
human evaluators prefer summaries produced by GPT-3 over strong supervised base-
lines. In a similar experiment testing ten large language models, Zhang et al. (2024)
concluded that instruction-tuned models performed on par with human freelance writ-

ers. Additionally, their results suggest that the evaluation of news summarization is
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hindered by the low quality of reference summaries. Hence, the conventional summa-
rization paradigm based on fine-tuning and evaluating on reference datasets is ques-
tionable in the face of increasingly competent language models.

In this chapter, we aim to fill this gap by posing the following research questions: 1)
How do LLM summaries compare to human-generated paper summaries? 2) To what
extent can LLM summarizers be controlled to fulfill different goals of scientific com-
munication? In both cases, we focus on the zero-shot setting, since the costs of using
such large models are often prohibitive compared to small-scale models such as FAC-
TORSUM introduced in Chapter 3. First, there is a higher cost involved in fine-tuning
large language models. Even when using parameter-efficient techniques (Hu et al.,
2022; Lester et al., 2021), the memory requirements for fine-tuning the smallest state-
of-the-art LLMs (Touvron et al., 2023) are vastly superior compared to the BART-base
model used in FACTORSUM. The same problem arises during inference, making the
infrastructure requirements for deploying such fine-tuned LLMs impractical in many
cases. Most importantly, curating high-quality reference summaries is expensive in
most real-world settings, which makes the zero-shot setting quite appealing.

To address the first question, we design an experiment to compare human and ma-
chine summarizers, in which human summaries are judged in terms of their similarity
with respect to another set of human-written reference summaries. By evaluating the
lexical overlap with reference summaries from the multi-perspective scientific summa-
rization dataset - MuP (Cohan et al., 2022), we find that human reviewers achieve lower
ROUGE scores (Lin, 2004) compared to LLMs. The high quality of LLM summaries
is confirmed by a human judgment experiment, where machine-generated summaries
are preferred in 83% of the instances.

The strong preference for LLM summaries hints that the variability in communica-
tive intentions (Giulianelli et al., 2023; Andreas, 2022) outweighs the usual quality
criteria such as coherence, fluency, and relevance (Fabbri et al., 2021). In fact, an in-
spection of human summaries for the same article reveals arbitrary decisions related
to conciseness and coverage of scientific aspects. We argue that those subjective de-
cisions affect the perceived quality of summaries and that evaluation protocols should
consider the adaptability of summarizers to diverse contexts (Jones, 1998).

Motivated by the experiment on the MuP dataset and previous literature on control-
lable summarization (He et al., 2022), we elect three intentional aspects: conciseness,
narrative perspective (first or third person), and keyword coverage. For each of those

aspects, we define two elements: intention prompts, and intention control metrics.
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Intentional prompts are designed to specify the task and to elicit a given intentional
behavior from LLMs (e.g., summarize this article in 5 sentences). Finally, the control

metrics assess the intentional alignment of prompts and the generated summaries.

To investigate the second research question, we evaluate our intentional prompts
on the tasks of abstract generation (Cohan et al., 2018) and lay summarization (Gold-
sack et al., 2022), using GPT-3.5 and LLAMA-2 (Touvron et al., 2023). We find that
both models can follow conciseness and narrative perspective intentions accurately to
generate short abstracts for arXiv and PubMed. Furthermore, by using keyword-based
intentional prompts and classifier-free guidance (Sanchez et al., 2023), we can direct
to the lexical content of summaries leading to ROUGE scores comparable to strong

supervised baselines.

However, the eLife lay summarization benchmark presents a harder challenge for
LLMs. Besides being highly abstractive, these lay summaries are much longer (18
sentences on average), and have a particular concept distribution emphasizing research
background. Our controllability results show that intentional prompts achieve limited

success in replicating these characteristics.

Overall, our experiments spanning four benchmarks indicate that LLMs are effec-
tive summarizers for long scientific documents, both in terms of lexical alignment and
human preferences. However, when summarization tasks deviate from the training
distribution (e.g., lay summarization), LLLMs cannot consistently match the features of
human summaries. Thus, LLMs do not usher the “death” of summarization (Pu et al.,
2023) but the transition from reference-based evaluation to more nuanced, domain-

specific evaluation protocols, as envisioned by Jones (1998) 25 years ago.

4.2 Guiding Summarizer Intentions

As uncertainty in intentionality is intrinsic in language generation (Giulianelli et al.,
2023), we argue that summarization performance relates to the capacity of a system
to adapt its behavior given not only the source documents but also the target com-
municative intentions. We investigate language model intent adaptability by changing
the summarization context via prompting, and measuring how it affects the perceived
intention in the summaries (see Figure 4.1 for an example). Let Py be a language

model parameterized by 0. Then, we define summarization as a conditional sequence
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generation:

SNPG(' |D,p11,...,p1N), (41)

where D is an input article and py,, ..., pj, are prompts inducing the intentions /1, ..., Iy.
In this work, we consider three types of intentions that are important to adapt scientific
summaries to different goals, namely conciseness, narrative perspective, and keyword

coverage:

» Conciseness: as one of the most important intentional factors in summarization,
conciseness defines the compression rate between the source document and the
summary. We are interested in the ability of LLMs to follow specific conciseness
instructions ranging from short abstracts (6-8 sentences) to longer lay summaries

(14 or more sentences).

* Narrative Perspective: depending on the perspective of the summarizer, the
summary is written using first or third-person narrative. In our experiments, we
consider that paper abstracts from arXiv and PubMed use first-person narrative,
and other summaries such as paper reviews from MuP (Cohan et al., 2022) and

lay summaries from eLife (Goldsack et al., 2022) use third person narrative.

* Keyword Coverage: by guiding the coverage of keywords, we can indirectly
manipulate the level of abstractiveness of a summary and favor simplified lan-
guage, which is particularly relevant for lay summarization. Furthermore, when
reference summaries are available, keyword guidance provides a mechanism to
guide LLM generation using relatively small keyword models (Section 4.2.1.2)

that demand fewer resources to fine-tune.

Since we specify intention guidance via prompts, we have no control over how the
language models trade off their unconditional summarization behavior and the inten-
tion instructions. To address this issue, we modify the decoding process in Eq. 4.1
to include classifier-free guidance (CFG) weighting (Ho and Salimans, 2022; Sanchez
et al., 2023):

Py(S|D, pr)Y

Py(S|D, p1, pe) Po(SID. pe)” 1

4.2)

where ¥y > 1 is the guidance strength and pg is a “non-intentional” summarization

prompt:
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Write a summary of the article above.

When 7y > 1, the next-token probabilities are changed so that the generated summary
is closer to the target intentions than its default summarization behavior elicited by the
prompt pe.

To measure the adherence of summaries to intention prompts, we define reference-
free intention control metrics k;(yr,S) that gauge the intentional alignment of S with
respect to a target value y;. In the next sections, we detail the intention prompts p; and

control metrics k7 used in our experiments.

4.2.1 Intention Prompt Templates

The next component of our methods refers to the way we prompt language models
to induce the intentions described above. The general prompt template is defined as

follows:

Article: {text}
{ph . 'plN}

where the placeholder {text} denotes the input article and {py, ... py, } refers to the
concatenation of intention prompts, namely conciseness, narrative perspective, and

keyword coverage.

4.2.1.1 Style Intention Prompts

Conciseness prompt We define an intention prompt for a target number of sen-

teNnces Yconciseness:

Write a summary of the article above in {Yeconciseness}
sentences.

We choose to specify the target in sentences as it was found to be effective in previous

work (Goyal et al., 2022) and in our own experiments.

Narrative perspective prompt For paper abstract generation tasks, we use the fol-

lowing prompt to instruct the model to write in the usual first-person plural perspective:

AR}

Write in first person ‘‘we’’ when applicable.

For other tasks, we do not have to prompt the model to use third person voice, as we
observe this is the default behavior of the language models we evaluate (see Tables 4.7
and 4.10).
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POS Tag Description

FwW Foreign word

1 Adjective

JIR Adjective, comparative
JIS Adjective, superlative
NN Noun, singular or mass
NNS Noun, plural

NNP Proper noun, singular

NNPS Proper noun, plural
SYM Symbol

VB Verb, base form

VBD Verb, past tense

VBG Verb, gerund or present participle
VBN Verb, past participle

VBP Verb, non-3rd person singular present
VBZ Verb, 3rd person singular present

Table 4.1: Part-of-speech tags used to filter keywords for summary guidance. Tag
descriptions are taken from the Penn Treebank Project (Marcus et al., 1993).
4.2.1.2 Keyword Coverage Prompt

The last prompt type instructs the model to focus on a collection of keywords to gen-

erate the summary:

Focus on the following keywords: {Yreywords} -

where the {ykeywords} placeholder indicates a comma-separated list of terms, which are

provided by a keyword model.

Keyword model In our experiments, we use pre-trained encoder-decoder summariz-
ers as keyword generators. Specifically, we use FACTORSUM (Fonseca et al., 2022)
and BART (Lewis et al., 2020) for abstract generation and lay summarization respec-
tively. Using these models, we generate summaries for each document in the evaluation
dataset. Then, we extract part-of-speech tags for tokens in summaries using the NLTK
library (Bird et al., 2009) and keep as keywords only nouns, verbs, adjectives, foreign

words, and symbols. The full list of keyword POS tags is presented in Table 4.1.
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4.2.2 Intention Control Metrics

In this section, we identify the controllability metrics k; for stylistic features (concise-
ness and narrative perspective) and keyword coverage. Although we present summary-
level definitions, in our experiments we report dataset-level metrics, that is, their aver-

age over all evaluation samples.

Conciseness In this work, we measure the conciseness of a summary S by count-
ing the number of sentences |S|. Then, the conciseness controllability metric k; for a

summary S and a target number of sentences yy is defined by:

kconciseness(ylas) = abs()’l - ‘S|)> (4.3)

where abs is the absolute difference function.

Narrative perspective We define the narrative perspective metric based on a text
classifier fuarrative () that maps each summary sentence s € S to the label §; € {first,third}.
Then, we defined the summary-level perspective controllability as the percentage of

sentences written in the target perspective y;:

100
knarrative (v1,8) = o 3, LUfi(si) = vil, (44)
|S| s;i€S
where |S| is the number of sentences in S. For the classifier fiarrative(s), We use a simple
heuristic where the sentence is classified as first-person perspective if 1) it starts with

a first-person pronoun FPP € {"we", "our"} or 2) if it contains the pattern ", FPP",

1.e., a comma followed by a FPP.

Keyword Coverage We also measure the coverage of a target set of keywords y; in

summaries using the ROUGE-1 recall metric (Lin, 2004):

kkeywords (yI,S) = ROUGE~1recall (be)- (45)

4.3 Experimental Setup

In this section, we present the experimental settings spanning three styles of scientific

summaries: abstracts, reviews, and lay summaries.
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4.3.1 Datasets

Multi-perspective scientific summarization The MuP dataset (Cohan et al., 2022)
is a corpus of summaries extracted from publicly available scientific peer reviews' cap-
turing multiple summarization perspectives for a single document. In our experiments,
we use 1,060 papers and review summaries from the validation set, covering topics

primarily from the Al, Machine Learning, and Natural Language Processing fields.

Abstract generation We use arXiv and PubMed (Cohan et al., 2018), which are two
large-scale benchmarks for abstract generation. In our experiments, we report results

for 1,000 random samples from each dataset test set.

Lay summarization We also evaluate LLMs on the task of lay summarization using
the eLife dataset (Goldsack et al., 2022). In contrast to reviews and abstracts, these
summaries are much longer (around 18 sentences on average), more abstractive, and
exhibit a strong bias towards background content, which makes them easier to parse

by non-specialists. We report results on the 241 samples from the eLife test set.

4.3.2 Models

In this section, we describe the the models used in the summarization experiments.

Refer to Appendix A.2 for additional details and generation parameters.

Supervised baselines For the abstract generation task, we use BIGBIRD (Zaheer
et al., 2020), a transformer-based model that uses a sparse attention mechanism to han-
dle long input sequences. Also, we include FACTORSUM, the model we introduce in
Chapter 3. For abstract generation, we use the FACTORSUM checkpoints provided by
Fonseca et al. (2022)?. We perform inference with a fixed budget of 6 and 8 sentences
for arXiv and PubMed respectively, and content guidance from BIGBIRD summaries.

For lay summarization, we fine-tune a BART-base model (Lewis et al., 2020) on the
4,346 training samples of the eLife dataset (Goldsack et al., 2022). We use the Hug-
ging Face summarization training script (commit 5c67682°) with the hyperparameters
listed in Table 4.2. We choose the checkpoint with the best ROUGE-2 (F1) score on

"https://openreview.net/

2https://github.com/thefonseca/factorsum

3https://github.com/huggingface/transformers/commits/
5¢67682b169576c4859700d551090££79d450a%a/examples/pytorch/summarization/run_
summarization.py


https://openreview.net/
https://github.com/thefonseca/factorsum
https://github.com/huggingface/transformers/commits/5c67682b169576c4859700d551090ff79d450a9a/examples/pytorch/summarization/run_summarization.py
https://github.com/huggingface/transformers/commits/5c67682b169576c4859700d551090ff79d450a9a/examples/pytorch/summarization/run_summarization.py
https://github.com/huggingface/transformers/commits/5c67682b169576c4859700d551090ff79d450a9a/examples/pytorch/summarization/run_summarization.py
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Checkpoint bart-base

Epochs 30

Batch size 4

Optimizer Adam (1=0.9; p,=0.999)
Learning rate 5x 107

Weight decay linear

Max. target length 1024
Validation metric ROUGE-2 (F1)

Table 4.2: Fine-tuning parameters for BART-base on the eLife summarization dataset.

the the validation set. The fine-tuning process takes about 8 GPU hours (2 Nvidia GTX
1080 12GB GPUs).

LLAMA-2 A collection of pre-trained and fine-tuned large language models (LLMs)
ranging in scale from 7 billion to 70 billion parameters (Touvron et al., 2023). Unless
otherwise stated, we report results for the chat variant with 7B parameters (16-bit float-
ing point), with 4,096 maximum context tokens using nucleus sampling (Holtzman
et al., 2020) with temperature 0.8 and p = 0.95. The intention prompts described in
Section 4.2.1 are wrapped into the following model-specific instruction-tuning prompt:

[INST] {instruction} [/INST], where {instruction} is an intention prompt.

GPT-3.5 A proprietary model based on INSTRUCTGPT (Ouyang et al., 2022). We
use the model version gpt-3.5-turbo-0301 via the chat completion API endpoint®.
Although we do not have access to the implementation details behind commercial
APIs, they were extensively studied in recent work (Zhang et al., 2024; Goyal et al.,
2022). This model version is trained on data up to September 2021, and we generate

summaries in December 2023.

4.3.3 Evaluation Metrics

In addition to the intention control metrics defined in Section 4.2.2, we report ROUGE
(Lin, 2004) and the following abstractiveness metrics: 1) novel n-grams (percentage

of n-grams in summary that are absent in the source document) and 2) the MINT

*https://platform.openai.com/docs/api-reference/chat
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abstractiveness score by Dreyer et al. (2023)°. For the lay summarization task, we also
report the Flesch-Kincaid Grade Level (FKGL) readability score (Kincaid et al., 1975).

4.4 Results and Discussion

In this section, we discuss our experimental results comparing human and LLM-generated
summaries (Section 4.4.1), and the controllability experiments on the abstract genera-

tion and lay summarization tasks (Section 4.4.2).

4.4.1 Human versus LLM Summaries: Reviewer Perspectives

We leverage the MuP dataset (Cohan et al., 2022) for a controlled comparison between
human and machine summaries. First, we select documents from the validation set
with more than one human-written summary and randomly choose one of the sum-
maries to serve as a reference and a second human-written summary as a fictitious
system summary. This setting puts humans in a similar condition as usual reference-
based summarization benchmarks, that is, humans are evaluated on their ability to
guess reference summaries.

As machine summarizers, we evaluate LLAMA-2 and GPT-3.5. To minimize the
confounding factors related to summary length, we employ conciseness prompts (Sec-
tion 4.2.1.1) to instruct the LLMs to generate summaries with a number of sentences
such that the number of generated tokens approximates the human summaries®. In Ta-
ble 4.3, we report metrics comparing LLM and human summaries for 1,060 samples
from the MuP validation set.

In addition to automatic evaluation, we perform human evaluation based on 30
random samples of human and LLM-generated summaries. Similarly to Goyal et al.
(2022), we ask evaluators to perform blind A/B judgments based on the paper abstract
and a triplet consisting of one human and two LLM summaries. Evaluators are tasked
to elect from the triplet which summary (or summaries) they judge is the best/worst
alternative to the paper abstract. For each answer, the evaluators need to provide a
short justification (refer to Table 4.4 for an example). Before performing the tasks,

evaluators were presented with the following short description of the tasks:

>The MINT abstractiveness score (Dreyer et al., 2023) measures both contiguous and non-contiguous
overlapping of text spans, combining ideas from previous metrics such as density (Grusky et al., 2018)
and perfect fusion (Durmus et al., 2020).

®We divide the number of tokens in each human summary by the average number of tokens per
sentence generated by the LLMs, resulting in different conciseness targets for each document.



66 Chapter 4. Controlling Extrinsic Factors with Large Language Models

Metric | Ref Human LrpamA GPT-3.5

ROUGE-1 | 100  35.55 37.35 36.39
ROUGE-2 | 100 8.12 9.20 8.51
ROUGE-L | 100  20.55 24.47 24.02

Average Tokens | 115 113 112 113

% Third Person | 99.8 99.6 99.3 1.0

% Novel bigram | 66.4 67.0 39.9 34.1

MINT (Dreyer et al., 2023) | 0.79 0.92 0.54 0.46

Table 4.3: Metrics comparing human-written, LLAMA-2-7B, and GPT-3.5 summaries to
reference reviews (Ref) from the MuP validation set. We report average tokens per sum-
mary and the percentage of sentences using third person perspective. Novel bigram
measures the percentage of novel bigrams in summaries. The MINT abstractiveness

score (Dreyer et al., 2023) ranges from 0 to 1.

The goal of this study is to evaluate machine-generated summaries of scientific ar-
ticles. Each reference article abstract will be presented with 3 alternative summaries.
Your task is to identify which of the alternatives is the best according to your personal
preferences and experience reading papers. The criteria may include good coverage
of the abstract content, factuality issues, and linguistic fluency, among others. It is
expected that in some cases the alternative summaries cover details that cannot be
verified based on the reference abstract. You can disregard the factuality of those de-

tails if you consider it appropriate.

Each summary triplet is annotated by two graduate students specializing in NLP.

ROUGE penalizes abstractiveness in human summaries The results in Table 4.3
show that LLMs achieve comparable albeit higher ROUGE scores compared to human
reviewers, which by standard reference-based protocols, would be an indicator that
LLM summaries have “superior quality.” However, we observe quantitative differences
between human and machine reviews across other metrics. Notably, human summaries
are significantly more abstractive as measured by the MINT score and the percentage of
novel bigrams in the summaries. Given the more creative nature of human reviews, it is
expected that they offer more possibilities for lexical disagreement than a conservative

summary that prioritizes content from the source document.



4.4. Results and Discussion 67

Reference Abstract (Zhou et al., 2020): Learning disentangled representations is regarded as a fun-
damental task for improving the generalization, robustness, and interpretability of generative mod-
els. However, measuring disentanglement has been challenging and inconsistent, often dependent
on an ad-hoc external model or specific to a certain dataset. To address this, we present a method
for quantifying disentanglement that only uses the generative model, by measuring the topologi-
cal similarity of conditional submanifolds in the learned representation. This method showcases
both unsupervised and supervised variants. To illustrate the effectiveness and applicability of our
method, we empirically evaluate several state-of-the-art models across multiple datasets. We find
that our method ranks models similarly to existing methods. We make our code publicly available

at https://github.com/stanfordmlgroup/disentanglement.

Summary A: The article proposes a new evaluation metric for disentanglement in generative models,
which is based on the concept of persistent homology. The metric measures the topological similarity
between submanifolds conditioned on different latent dimensions in the generative model, and can be
used to evaluate the disentanglement of different models and datasets. The proposed metric provides
a more reliable and robust way of evaluating disentanglement compared to existing methods, and can
be applied across different model architectures and datasets without requiring additional training or

hyperparameter tuning.

Summary B: The paper proposes a novel metric for evaluating disentanglement by taking a manifold-
topological perspective on the representations learnt. The key insight is that for a disentangled repre-
sentation, when we fix a certain factor of variation at different values the topology of the conditional
sub-manifolds should be similar. Using this insight the paper proposes a metric for disentangling which

does not require annotations of the factors of variation and is more general than previous such tests.

Summary C: Researchers have proposed an unsupervised method for evaluating the level of disen-
tanglement in deep generative models. This evaluation metric uses topology and density analysis of
samples to measure the degree of topological similarity across submanifolds conditioned on disentan-
gled latent dimensions versus entangled ones. The approach shows consistent results across 10 models
and three datasets, without relying on training additional models or introducing a dataset-specific pre-

processing step.

Questions
1. Given the reference abstract above, which of the alternative summaries do your prefer the most? You
can select multiple if there are equally good summaries.
2. Justify your selection in the text box below. A possible reason could be “Summary A better represents
the motivation of the paper and is more coherent.”
3. Which summary is the worst? (Like the previous question, you can choose multiple if no summary is
clearly worse than the others)
4. Justify your choice in the text box below. A possible reason could be “Summary B presents non-

factual research results.”

Table 4.4: Sample human evaluation task with a reference abstract, 3 candidate sum-

maries, and questions for the evaluators.
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Vote ‘Human LLAMA GPT-3.5 Cohen’s x

BesttT | 169 40.0 43.1 0.06
Worst || 36.1 27.9 36.1 0.17

Table 4.5: Human preferences (percentage) for best/worst MuP summaries. To account
for multiple summary choices, we use the weighted Cohen’s k agreement statistic (Art-

stein and Poesio, 2008a).

Best %  Worst %
Coverage 64.1 Coverage 42.9
Coherence 12.8 Relevance 11.1
Fluency 6.4 Factuality 9.5

Conciseness 3.8 Informativeness 7.9

Table 4.6: Frequency of top criteria for human preferences on best and worst MuP

summaries. Cohen’s K score is -0.16 and 0.1 for best and worst votes respectively.

Humans strongly prefer LLM summaries The results in Table 4.5 reveal the marked
preference of evaluators towards LLM summaries, which account for 83% of votes for
best summary. The preference for the worst summary is more balanced, with humans
and GPT-3.5 taking the majority of votes. Also, we note that Cohen’s K scores (Art-
stein and Poesio, 2008a) are low, which indicates the high subjectivity of the task.

To understand the factors underlying human preferences, we categorize the evalu-
ators’ comments into quality criteria, as shown in Table 4.6. For both best and worst
summary choices, the dominant reason is coverage of research aspects such as back-
ground or experimental results. Interestingly, factuality only appears as a third factor
for choosing a bad summary, which is an indicator of the high quality of LLM sum-
maries. However, we note that our evaluation protocol only includes the reference

abstract, which makes more difficult to identify factuality issues.

Takeaways Despite the advantage of LLMs on reference-based metrics and human
evaluation, our aim with this experiment is not to claim that LLM summaries are su-
perior. Instead, we emphasize the limitations of evaluation based on reference sum-
maries, as subjective preferences in communicative intentions impact ROUGE scores

and even judgments of human annotators. Since LLM summaries exhibit human-level
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quality in terms of coherence, fluency, and informativeness, we argue that the major
challenge for LLM summarizers lies in the adaptability to different tasks such as ab-

stract generation and lay summarization, which we explore in Section 4.4.2.

Control Metrics k;
Model R-1 R-2 R-L
Concise| Narrativel Keywords?
Reference 100 100 100 1.8 29.7 42.5
BIGBIRD 45.0 18.3 39.8 1.9 46.2 42.3
FACTORSUM | 48.9 20.1 43.8 1.9 50.9 100
“Non-intentional” baseline prompt pg
LLAMA 420 143 373 1.1 0.2 49.3
GPT-3.5 429 144 37.8 1.1 0.1 51.2
Pconciseness
LLAMA 42.6 143 37.7 0.4 1.3 47.7
GPT-3.5 425 13.8 374 0.3 0.1 50.5
LLAMA-CFG | 424 140 374 0.3 2.2 39.3
Dconciseness T Pnarrative
LLAMA 439 147 38.7 0.3 83.6 484
GPT-3.5 440 150 389 0.3 42.2 53.2
LLAMA-CFG | 434 144 382 0.3 84.5 40.9
Dconciseness 1 Pkeywords =+ Pnarrative
LLAMA 45.2 157 39.8 04 84.0 64.4
GPT-3.5 470 176 414 0.6 61.3 68.6
LLAMA-CFG | 445 149 39.1 0.5 81.5 74.2

Table 4.7: Summarization results on the arXiv test set (1,000 samples) using different
intention prompts p; (defined in Section 4.2.1). We report ROUGE (F1) and intention
control metrics k;(yy,S) for conciseness, narrative perspective (first person), and key-
word recall. The target conciseness in pconciseness IS 6 sentences. The list of keywords

iN Pkeywords iS derived from FACTORSUM summaries as described in Section 4.2.1.2.
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4.4.2 Controlling Style and Keyword Coverage

In this section, we gauge the performance of LLMs on benchmarks for abstract gener-
ation and lay summarization. Our goal is to compare the performance of zero-shot in-
ference in LLMs to supervised baselines, and most importantly, to assess the flexibility
of LLMs, via intention prompts, to replicate preferences such as narrative perspective
and conciseness. In addition to LLAMA-2 and GPT-3.5, we evaluate strong fine-tuned
encoder-decoder baselines: BIGBIRD and FACTORSUM (Zaheer et al., 2020; Fonseca
et al., 2022) for abstract generation and BART (Lewis et al., 2020) for lay summariza-
tion. Also, we report results for LLAMA-CFG, denoting LLAMA-2 with classifier-free

guidance (refer to Section 4.2 for details).

LLMs capture style intents We analyze the effects of style prompts compared to
the baseline prompt pe. For abstract generation, LLMs are able to follow conciseness
instructions (Pconciseness) consistently, as indicated by the significant reduction in the
average deviation from the target number of sentences (kconciseness 1N Table 4.7). In this
aspect, GPT-3.5 exhibits superior performance compared to LLAMA-2, achieving a
deviation of 0.28 and 0.53 sentences for arXiv and PubMed, respectively.

By adding narrative perspective prompts ( Pconciseness + Pnarrative)s W€ Observe a sim-
ilar level of controllability, with the percentage of sentences in first person voice in-
creasing from zero to 84% for LLAMA-2 (kparrative in Table 4.7). This change of
perspective also results in higher similarity to reference summaries (as measured by
ROUGE), which validates the effectiveness of narrative guidance. Interestingly, GPT-
3.5 generates fewer sentences in first person perspective, balancing first and third

voices to achieve better fluency compared to LLAMA-2 summaries.

Long summaries remain challenging While conciseness prompts are effective for
abstract generation, LLMs cannot achieve low conciseness deviation for long lay sum-
maries (Table 4.10). To evaluate the limits of conciseness guidance, we compare
LLAMA-2 and GPT-3.5 summaries (100 samples from the eLife validation split) with
target conciseness varying from 1 to 16 sentences (Figure 4.2). We find that both
LLAMA-2 and GPT-3.5 reproduce conciseness intentions almost perfectly up to 6
sentences when it starts to degrade its instruction adherence. In all cases, the model
outputs do not saturate the maximum output length of 512 tokens. Thus, we hypoth-
esize that longer generation targets conflict with the notion of “summary” that LLMs

learn from pre-training data. However, our conclusions are limited to the investigated
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Control Metrics k;
Model R-1 R-2 R-L

Conciseness| Narrativef Keywords?

Reference 100 100 100 2.5 8.8 44.0
BIGBIRD 447 19.1 40.6 3.6 10.1 48.8
FACTORSUM | 47.3 20.0 43.3 1.3 10.5 100

Baseline prompt pe: Write a summary of the article above.

LLAMA 434 155 39.0 23 0 44.1
GPT-3.5 41.8 14.7 37.6 2.7 0 43.3

Deonciseness: Write a summary of the article above in {Yconciseness } Sentences.

LLAMA 434 152 392 1.0 0 44.3
GPT-3.5 439 154 39.6 0.5 0 49.7
LLAMA-CFG | 43.4 15.1 392 0.7 0.2 41.5

Pconciseness T Pnarrative:

Write a summary of the article above in {yconciseness } Sentences.

Write in first person “we” when applicable.

LLAMA 44.1 15.8 39.6 1.0 62.7 451
GPT-3.5 44.1 156 398 0.7 22.3 50.4
LLaMA-CFG | 43.7 15.7 393 0.8 70.6 43.8

Pconciseness T~ Pkeywords T Pnarrative:
Write a summary of the article above in {Yconciseness } Sentences.
Focus on the following keywords: {Ykeywords }-

Write in first person “we” when applicable.

LLAMA 446 16.5 40.2 1.4 64.5 66.2
GPT-3.5 469 185 424 1.2 30.6 69.6
LLAMA-CFG | 44.1 159 39.7 1.4 67.9 76.4

Table 4.8: Summarization results on the PubMed test sets (1,000 samples) using differ-
ent intention prompts p;. We report ROUGE (F1) and intention control metrics k;(yy,S)
for conciseness, narrative perspective (first person), and keyword recall. The target
CONCISeNess yconciseness 1S 8 sentences. The list of keywords ykeywords is derived from

FACTORSUM summaries as described in Section 4.2.1.2.
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Figure 4.2: Number of sentences in generated summaries subject to varying concise-

ness targets (100 samples from eLife validation set).

LLMs, and results could change with upcoming models capable of handling signifi-

cantly longer input contexts (Achiam et al., 2023; Jiang et al., 2023).

Keyword prompts improve lexical alignment We introduce the keyword coverage
prompt pyeywords With a keyword model derived from FACTORSUM summaries for
arXiv and PubMed. The results in Tables 4.7 and 4.8 demonstrate that the keyword re-
call for LLAMA-2 and GPT-3.5 increases significantly with keyword guidance, lead-
ing to ROUGE scores higher than BIGBIRD summaries. Similarly, keyword prompt
improves lexical alignment in lay summarization (Table 4.10). In this case, in addition
to keyword recall, we also observe that keyword guidance results in better readability
scores and higher abstractiveness (Table 4.11), which are desirable properties for lay

summaries.

Classifier-free guidance improves intention control 'We report results for LLAMA-
2 with classifier-free guidance (CFG), using y = 1.5 for all prompt variants’ (Tables
4.7 and 4.10). In all cases, we observe an improvement in intention control metrics
versus LLAMA-2 with regular decoding. In Figure 4.2, we can clearly observe how
LLAMA-CFG can follow conciseness instructions for up to 10 sentences but fail to

produce longer summaries.

LLMs perform well out-of-distribution One important concern is that LLAMA-based

models might simply be memorizing their training data, which likely include scientific

7We set y = 1.5 based on the results reported by Sanchez et al. (2023) and our experiments on the
validation set.
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Control Metrics &;
Model R-1 R-2 R-L

Concise| Narrative?

BIGBIRD | 21.2 25 193 5.0 57.8

“Non-intentional” baseline prompt pe

LLAMA | 453 142 426 1.0 0.3
GPT-3.5 | 46.6 155 439 1.1 0.1

Pconciseness T Pnarrative

LLAMA 464 14.6 433 0.3 89.6
GPT-3.5 | 479 159 45.1 0.7 18.5

Table 4.9: Summarization results for 500 arXiv samples published between December
2023 and January 2024. We report ROUGE (F1) and intention control metrics k;(yy,S)
for conciseness and narrative perspective (first person). The prompts pe, Pconciseness
and pnarrative are defined in Section 4.2.1.

papers that overlap with the arXiv and PubMed summarization datasets. To check
this possibility, we collected 500 articles (category cs.CL) submitted to arXiv between
December 2023 and January 2024 and removed all the information before the intro-
duction section (including title, abstract, and other information). Then, we evaluate
the same models without further fine-tuning, using the narrative perspective and con-
ciseness prompts. The results in Table 4.9 show that instruction-tuned models achieve
even higher ROUGE scores (compared to Table 4.7), suggesting that memorization is
not a cause for their good summarization performance. In contrast, we observe a pro-

nounced loss of performance BIGBIRD, which tends to generate repeated sentences.

4.5 Related Work

Our work fits in the context of recent research of large language models applied to sum-
marization, mostly for news articles (Goyal et al., 2022; Zhang et al., 2024). In this
work, we explore summarization in the scientific domain and its specific challenges
related to document length (Beltagy et al., 2020; Fonseca et al., 2022) and technical
writing style. Furthermore, we consider our work as a contribution towards under-

standing production variability by humans and language models, which was explored
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Control Metrics &;
Model R-1 R-2 R-L

Concise| Narrativel Keywords{

Reference 100 100 100 10.8 99.5 44.1
BART 48.1 139 305 2.0 99.9 100

“Non-intentional” baseline prompt pg

LLAMA 345 7.7 210 8.1 99.3 28.4

GPT-3.5 293 6.7 193 9.2 1.0 27.4
Pconciseness

LLAMA 394 85 237 39 99.4 32.6

GPT-3.5 40.6 87 255 3.1 99.2 38.0

LLAMA-CFG | 374 79 232 3.0 98.7 32.3

Dconciseness 1 Pkeywords

LLAMA 440 103 255 2.3 99.6 60.2
GPT-3.5 424 99 264 4.7 99.7 61.5
LLAMA-CFG | 429 9.6 25.1 3.1 99.7 81.5

Table 4.10: Summarization results on the eLife test set (241 samples) using different
intention prompts p; (defined in Section 4.2.1). We report ROUGE (F1) and intention
control metrics k;(yr,S) for conciseness, narrative perspective (third person), and key-
word recall. The target conciseness in peonciseness iS 14 sentences. The list of keywords

in preywords IS derived from BART summaries as described in Section 4.2.1.2.

on tasks such as translation and open-domain dialogue by Giulianelli et al. (2023).

Finally, our work is related to attempts to improve the prompt-adherence in gener-
ation tasks. Pu and Demberg (2023) apply prompt-based methods to control summa-
rization according to target audience (expert vs. layman) and style (formal vs. infor-
mal). Kumar et al. (2022) propose a non-autoregressive generation method to introduce
soft and hard constraints, including adherence to keywords. In a different direction,
(Sanchez et al., 2023) showed that Context-Free Guidance (CFG) (Ho and Salimans,
2022), a technique originally used in text-to-image models, improves the performance
of language models across several tasks. While Sanchez et al. (2023) applied CFG to

tasks such as question answering, code generation and translation, our work is the first
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Model FKGL,| Novel Bigram?
Reference 10.8 66.6
BART 10.2 57.8

“Non-intentional” baseline prompt pg

LLAMA 15.69 31.5
Pconciseness

LLAMA 14.8 28.4

LLAMA-CFG 14.1 27.0

Dconciseness T~ Pkeywords

LLaMA 10.9 47.2
LLaMA-CFG 12.8 55.8

Table 4.11: Effects of intention prompts and classifier-free guidance (CFG) on readabil-

ity (FKGL) and abstractiveness (novel bigrams) on the eLife test set (241 samples).

to explore this technique for summarization controllability.

4.6 Limitations

Model scale and proprietary APIs Our experiments operate at model scales up to
7 billion parameters (LLAMA-2), and we expect to observe more performance gains
for larger models (Wei et al., 2022). By including results from the OpenAl API, we
can get an estimation of the level of performance of larger models, although we do not
have access to information about the number of parameters of the underlying model

and whether it includes extra machinery on top of language modeling.

Excluded models and reproducibility issues Despite our best prompting efforts,
we could not make encoder-decoder instruction-tuned models TO (Sanh et al., 2022)
and FLAN-T5 (Chung et al., 2022) generate long summaries (at least six sentences),
which makes them unsuitable for comparison. We also tried other models that claim
high ROUGE performance but do not provide public code (Pang et al., 2023), fine-
tuned checkpoints for the scientific papers (Guo et al., 2022; Xiong et al., 2022), or
reproducible results with the provided resources (Phang et al., 2022).
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Human evaluation We limit our analysis of variability in communicative intents
from the point of view of summarizers, but we believe human evaluators are also sub-
ject to these factors. An interesting future investigation could explore how different
annotation conditions and guidelines potentially bias human judgments and to what

extent human evaluation is still valid as the gold standard.

Other summarization domains Related work in news summarization explores the
generation of summaries based on guidelines for topic and entity coverage (Ahuja
et al., 2021; Maddela et al., 2022). We believe that the methods we presented in this
chapter could be applied to such coverage requirements. However, given that news
summarization has been extensively investigated in previous work, we choose to per-

form a comprehensive evaluation of summarization models in the scientific domain.

4.7 Conclusion

Our experimental results on four scientific summarization benchmarks confirm that
large language models are effective summarizers, as measured by conventional lexical
overlap metrics and human preferences. Moreover, we find that LLMs can follow in-
tentional prompts for style and keyword coverage, especially for short summaries. This
summarization controllability can be further improved using simple decoding changes
such as classifier-free guidance. However, longer summaries that require a higher level
of abstractiveness are not easily achievable with our prompting techniques. Our find-
ings suggest that analyzing summaries as an expression of communicative intentions
leads to informative and actionable insights for future model improvements, where
traditional reference-based evaluation shows its limits.

Finally, our results suggest that large language models dramatically reduce the
costs of deploying high-quality summarization services. As a consequence, we ex-
pect that much of the information available on social media and other sources will be
abridged versions generated by commoditized summarization systems. In this context,
special attention is needed regarding existing issues of generative language models
such as hallucination (McKenna et al., 2023). Crucially, we have shown that language
models can adapt their outputs according to specific communication intentions, which
might bias the summary contents towards the (potentially harmful) beliefs and desires

of the actors behind those systems.
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Controlling Coverage of Domain

Concepts

In the previous chapters, we investigate the controllability of stylistic features and sim-
ple lexical guidance in summaries. However, some generation tasks require control
of more abstract factors such as the coverage of domain-specific concepts, e.g., back-
ground, objectives, and results in a paper abstract. In this chapter, we set out to address
the problem of controllability of concepts in summaries by designing a three-stage
pipeline: per-concept annotation, planning, and editing (APE). While our approach
demonstrates effectiveness in changing concept coverage in lay summarization, it pro-
vides a potential diagnostic: this kind of controllability might be hindered by poor
understanding of domain concepts by large language models (LLMs).

Although LLMs exhibit a remarkable capacity to leverage in-context demonstra-
tions, it is still unclear to what extent they can learn new facts or concept definitions
via prompts. To address this question, we examine the capacity of instruction-tuned
LLM:s to follow in-context concept annotation guidelines for zero-shot sentence label-
ing tasks. We design guidelines that present different types of factual and nonfactual
concept definitions, which are used as prompts for zero-shot sentence classification
tasks. Our results show that although concept definitions consistently help in task
performance, only the larger models (with 70B parameters or more) have a limited
ability to work under nonfactual contexts. Importantly, only proprietary models such
as GPT-3.5 can recognize nonsensical guidelines, which we hypothesize is due to
more sophisticated alignment methods. Altogether, our simple evaluation method re-
veals significant gaps in concept understanding between the most capable open-source

language models and the leading proprietary APIs.

77
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5.1 Controlling Concept Coverage in Summaries

While controlling simple style intentions such as narrative perspective is straightfor-
ward with prompts (see Chapter 4), guiding large language models toward a particu-
lar coverage of concepts requires more fine-grained control. An adequate balance of
concept coverage is crucial to fulfill the purpose of a summary. For instance, in sci-
entific lay summarization (Goldsack et al., 2022), there is a preference for research
background content over methodological details, which helps a lay reader to parse the
material. To achieve this level of control, we propose to structure the summarization
task to explicitly reason about concepts, in a three-stage inference process: annotation,

planning, and editing (APE).

Annotation step First, we prompt the model to describe the main points about a
scientific concept c, that is, to generate a concept note n., for ¢ € {”background and
related work”, “research questions and motivation”, “research methods and experi-
ments”, ”experimental results”, “research conclusions”}. We define the annotation

prompt p. for a concept c as follows:

Article: {D}
For the article above, describe the main {c} in {b.}
sentences.

where {D} is a document and {b.} is the target number of sentences for n.. Having
a separate annotation step allows better interpretability of the model inference, as one
can check the correctness of each concept note and diagnose potential knowledge gaps

for specific concepts.

Planning step In this step, it is possible to post-process the concept notes generated
in the previous step. For example, this post-processing could favor notes with specific
entity coverage or eliminate content with quality issues. For simplicity, in our exper-
iments, we simply tokenize each note n. into sentences and filter out sentences with
less than 10 words as well as incomplete sentences that do not end with a period (*.”)

character. We denote this quality filter as the function IS_VALID in Algorithm 2.

Editing step In the final step, we prompt the language models to edit the concate-
nated notes 7, resulting from the planning step, into a more fluent summary-like text.

The editing prompt p, is defined as follows:
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{notes}
Rephrase the content above into a fluent text, using
transition words.

where {notes} is the concatenation of post-processed notes from the planning step.
This multi-step approach (refer to Algorithm 2 for details) facilitates the generation
of several types of summaries from the same set of initial concept notes ., by choos-
ing different planning and editing strategies. Secondly, one can use different language
models for the annotation and editing step, which allows the use of a more computa-
tionally expensive editor model at a lower cost in terms of the number of tokens com-
pared to using the source document. While the planning step could be expressed as a
prompt in the edit step, we prefer to implement it as a separate deterministic algorithm

that does not depend on the LLM probabilistic behavior.

Algorithm 2: The Annotate-Plan-Edit (APE) algorithm for guiding concept dis-
tribution in a summary of document D. The variables concepts and budgets refer
to the concept labels and the target number of sentences per concept, respectively.
The variables annotator and editor denote language models responsible for gener-

ating and editing concept notes.
Input: D, concepts,budgets,annotator, editor

Output: S

notes <+ 0;
i< 0;
for c € concepts do
b, < budgetsli|;
Pe < ANNOTATION_PROMPT(D, ¢, b, );
ne < annotator.GENERATE(p.);
ne < SENTENCE_TOKENIZE(n.);
for s € n. do

if IS_VALID(s) then

‘ notes < notes\U{s};

end

end

i< i+1;

end
De < EDITOR_PROMPT(notes);

S < editor.GENERATE(p,)
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5.1.1 Experimental Setup

In this section, we describe the dataset, models, and metrics used in our experimental
setup, which is very similar to the lay summarization experiment in Section 4.3. We
evaluate the models on the eLife lay summarization benchmark (Goldsack et al., 2022),
which includes summaries with an unusual imbalance of concepts. These summaries
have around 18 sentences on average, with more than 50% of the content dedicated
to background information, which makes this dataset suitable for our controllability
experiments.

As annotator and editor models, we use LLAMA-2 (7B-chat version; Touvron et al.
2023) and GPT-3.5 (version gpt-3.5-turbo-0613) via the chat completion API end-
point!. We set a target budget of 18 sentences, which in the APE annotation step is
divided per concept as follows: background and related work (12), research questions
and motivation (1), research methods and experiments (1), experimental results (2),
and research conclusions (2). This distribution of concepts is derived from the average
number of sentences in the eLife validation set. Finally, we also report results for the
BART supervised baseline (Lewis et al., 2020). All training and generation details are

the same as described in Section 4.3.2.

5.1.1.1 Metrics

In addition to ROUGE (Lin, 2004) and the conciseness control metric from Section 4.2.2,
we also report the distribution of sentences per concept in summaries. Let S; be a sum-
mary and g(s;) be a concept classifier that maps a sentence s; € S, into a concept ¢ € [C].
We define the concept weight wi for a summary Sy as the total number of sentences

assigned to concept c:
wi =Y 1[c=g(s;)]- (5.1)

Then, we obtain a distribution of content per concept w® by averaging over all sum-
maries S; € S:

1 S|
we = m Z Wi (5.2)

k=1
A classifier for scientific concepts The concept coverage metrics described above
depend on the sentence-level concept classifier g(s) (Eq. 5.1). To train the classifier,

we combine the three datasets containing annotated sentences from scientific papers:

Inttps://platform.openai.com/docs/api-reference/chat
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* PubMed-RCT (Dernoncourt and Lee, 2017): contains sentences from 200,000
abstracts of randomized controlled trials (RCT), each one classified according to
their rhetorical role as BACKGROUND, MOTIVATION, METHODS, RESULTS or
CONCLUSION. For our model, we use a subset of 20,000 abstracts provided by

the dataset authors?.

* ArtCorpus (Liakata et al., 2010): a dataset with 35,040 sentences from 225
scientific papers (full text), each annotated by 20 chemistry specialists according
to a taxonomy of core scientific concepts (Liakata and Soldatova, 2008). Since
the original CoreSC concepts contain 11 fine-grained classes, we post-processed
the dataset to merge more detailed categories, so the resulting concepts match

the five categories from the PubMed-RCT dataset.

* CSAbstruct (Cohan et al., 2019): contains 2,189 computer science abstracts
with sentence-level rhetorical role labels. We use samples from BACKGROUND,

MOTIVATION, METHODS, and RESULTS, and ignore the ones labeled as OTHER.

From the datasets above, we obtain 110,010, 17,741, and 16,891 sentences for training,
validation, and test respectively. We fine-tune a SciBERT model (Beltagy et al., 2019)
articles® for 5,000 steps and choose the checkpoint with best accuracy on the validation
set (84.8 F1 score). The resulting model classifies a sentence into one of the following

concepts: BACKGROUND, MOTIVATION, METHODS, RESULTS or CONCLUSION.

5.1.2 Results and Discussion

As discussed in Section 4.4.2, generating long summaries is challenging for both
LLAMA-2 and GPT-3.5. The results in Table 5.1 and Figure 5.1 demonstrate that
performing per-concept annotation with APE helps to generate longer summaries, as
seen by the lower conciseness deviation and the higher number of sentences cover-
ing research background. Interestingly, GPT-3.5 exhibits a strong bias towards back-
ground content by default, which raises the question of whether this model has more
exposure to this kind of summary during pre-training. In contrast, LLAMA-2 offers a
more neutral coverage of concepts, and the APE pipeline is very effective in changing

the conceptual distribution of its summaries.

2Dataset available at https://github.com/Franck-Dernoncourt/pubmed-rct.
3https://huggingface.co/allenai/scibert_scivocab_uncased
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12 ¢ l0Lay Summaries /0 (APE) GPT-3.5 — NONE | |
10 I0GPT-3.5 lB(APE) GPT-3.5 — GPT-3.5 |
9 IiLLAMA-2 U0(APE) LLAMA-2 — NONE | |
6 .
4 |
; i i
N A BEL il
BACKGROUND MOTIVATION METHODS RESULTS CONCLUSION

Figure 5.1: Average number of sentences per scientific concept in summaries (Eq. 5.2)
on the elife test set. APE summarizers are represented as ANNOTATOR — EDITOR.

Error bars indicate the 95% confidence interval.

Overall, we observe that our simple APE summarizer can achieve some level of
controllability in terms of concept coverage, without impacting ROUGE scores signif-
icantly. However, we still observe a large gap between human and machine-generated
lay summaries mainly regarding the coverage of background information. We attribute
this difference to the high abstractiveness of lay summaries (see Table 5.1) and, possi-
bly, to the limited understanding of scientific concepts by the LLMs. In the rest of this

chapter, we investigate the latter issue in more depth.

5.2 Gauging LLM Concept Understanding

In the previous section, we illustrated how the understanding of domain concepts can
be crucial to tailor summaries to specific audiences. We argue that measuring concept
understanding is an useful proxy to check if a summarization model exhibits more
sophisticated understanding of the underlying subject (e.g., the methods of a scientific
investigation), or if it is leveraging lexical-level statistics. In this section, we propose
methods to gauge concept understanding when language models have access only to
their prior knowledge, and also to in-context concept definitions (guidelines) in two
different domains: scientific and financial documents.

Large language models are known to distill knowledge from vast datasets dur-
ing the pre-training phase (Brown et al., 2020). Such knowledge can be queried via
prompting, which allows the application of LLMs to several knowledge-intensive tasks
in zero-shot and few-shot settings. In particular, recent work demonstrates promising

applications of LLMs to reduce the cost of data annotation in several domains (Wang
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Model R-1 R-2 R-LL Concisek; | Nov. Bigram
BART 481 139 305 2.0 57.8
Prompt: Write a summary of the article above in 18 sentences.
LLAMA-2 39.17 8.44 23.66 8.0 28.3
GPT-3.5 4342 9.82 27.23 4.4 32.5
APE (our method)
Annotator — Editor Sentences per concept: [12,1,1,2,2]
LLAMA-2 — NONE | 40.86 9.53 25.25 3.2 334
GPT-3.5 — NONE 43.10 10.17 26.77 2.8 329
GPT-3.5 — GPT-3.5 | 4344 943 2697 3.5 41.9

Table 5.1: Summarization performance on the eLife test split (241 samples). We report
ROUGE (F1) scores, conciseness control k; (see Section 4.2.2), and novel bigrams in
summaries (%). The NONE editor (APE) outputs are the annotator’s concept notes.

et al., 2021; Agrawal et al., 2022; Zhu et al., 2023).

Most data labeling efforts based on LLLMs leverage in-context demonstrations to
elicit the desired concepts. However, previous work suggests that language models
cannot learn from in-context ground-truth labels but just leverage demonstrations to
infer the task format and label space (Min et al., 2022). In contrast, human annotators
typically follow guidelines, which in addition to examples, include concept definitions
(Liakata and Soldatova, 2008) that complement and modify the annotator’s prior con-
cept understanding to align with the labeling goals.

In this section, we assess the capacity of LLMs to follow analogous in-context
concept annotation guidelines for sentence classification tasks. Our goal is to verify
if language models can learn from in-context definitions and change their behavior
consistently in downstream tasks (Onoe et al., 2023). To this end, we design several
types of guidelines that represent both factual and nonfactual concept definitions*.
Our assumption is that learning from concept definitions would imply the capacity to
reason in contexts that contradict the model’s prior knowledge.

In our experiments, we evaluate the LLAMA-2 model by Touvron et al. (2023)

“In this work, we denote as nonfactual those concept definitions that disagree with commonsense
understanding, which we assume to be prevalent in a default world model (Wu et al., 2023) derived from
the pre-training data. We formalize factual and nonfactual guidelines in Section 5.2.1.1.
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Consider the following concepts:

- Background: A sentence that provides context, foundational
knowledge, or relevant information about the research topic, existing
theories, prior studies, or the broader scientific field in which the
research is situated.

(more definitions ck: 8(ck)...)
- Conclusion: A sentence that summarizes the key takeaways,
implications, interpretations, or insights derived from the study’s

results.

Classify the text below into one of the categories listed
above. Be concise and write only the category name.

Text: Therefore, the phase transition can be classified
as essentially driven by Coulomb interactions.
Concept: Conclusion

Figure 5.2: An abridged example of zero-shot sentence classification using a concept
guideline prompt. We perform controlled interventions in concept definitions (pairs of
concept labels cx and their descriptions 8(ck)) while keeping the task prompt fixed.
We aim to gauge the capacity of the model to learn new concepts during inference,

without in-context demonstrations.

(7B, 13B, and 70B-parameter chat variants), FALCON-180B-CHAT (Almazrouei et al.,
2023), GPT-3.5, and GPT-4 (Achiam et al., 2023) on zero-shot sentence classifica-
tion tasks (as illustrated in Figure 5.2). The tasks require the recognition of scientific
concepts, for which labels are likely present in the models’ pre-training data. (Li-
akata and Soldatova, 2008). To control for pattern memorization, we also annotate a
novel dataset of company disclosures with financial concepts based on the Integrated

Reporting framework (Cheng et al., 2014).

In both domains, we observe a consistent classification performance improvement
when models have access to concept labels paired with their factual concept defini-
tions (compared to just a list of labels). However, when presented with nonfactual
guidelines, only larger models (70B parameters or more) tend to output predictions
consistent with guidelines. Still, we observe that scaling alone is not sufficient, as
FALCON-180B-CHAT is outperformed by LLAMA-2-70B-CHAT in most settings. Im-

portantly, only proprietary models are able to recognize unsolvable tasks, that is, ones
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for which the guidelines provide nonsensical concept labels. Finally, we find that the
performance of more capable models such as GPT-3.5 is more strongly correlated
to the degree of guideline factuality compared to LLAMA-2-7B, suggesting that the
former model has a more nuanced concept understanding.

Overall, some of our findings reinforce previous studies focusing on few-shot learn-
ing using perturbed labels (Wei et al., 2023) and chain-of-thought reasoning (Saparov
and He, 2022). However, our classification tasks require the model to generalize only
from concept definitions, without demonstrations. Additionally, unlike previous work,
we provide extensive experiments using state-of-the-art open-source models. Although
these models may approach the aggregate performance of proprietary APIs, our results
reveal important gaps in terms of concept understanding, especially in nonfactual sce-

narios and regarding the ability to recognize nonsensical tasks.

5.2.1 Concept Classification with Guidelines

Let S and C be random variables representing sentences (from the set of token se-
quences S) and corresponding latent concepts to be inferred (from the concept set C;
e.g., whether the sentence conveys scientific background or methods). To specify the
task, we introduce annotation guidelines G, which specify concept labels and their def-
initions. Then, the concept annotation process for a sentence s given the guideline g is
formalized as follows:

cS:argrcr/lea)C(P(C:c'|K,G:g,S:s), (5.3)
where c; 1s the inferred concept and K represents prior domain knowledge about the
concepts of interest. Then, we define a language model Py that approximates Eq. 5.3

through conditional generation:

ys = Py(+ | prompt(g); prompt,(s)), (5.4)

where ys is a concept label, that is, a sequence of tokens corresponding to a concept
cs. The functions prompt and prompt, are textual templates that describe concept
guidelines and a concept classification task respectively (see Figure 5.2). The guideline

prompt prompt ; includes a list of concept definitions:

Consider the following concept categories:

e} {8(en)}
= fex): {8(cx)}
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where 8(ck) is a function that maps the concept label ck to its definition (refer to

Section 5.2.1.1 for details). Then, we define the task prompt; as follows:

Classify the text below into one of the categories listed
above. Be concise and write only the category name.

Text: {input sentence s}
{domain} Concept:

where the placeholder {domain} is a domain indicator (in this work, we use either
Scientific for scientific concepts or the empty string for financial concepts).

The language model parameters 0 capture the prior conceptual knowledge K ac-
quired during pre-training and instruction-tuning. In addition, we hypothesize that 0
encodes the conditional dependency between the guidelines G and the concepts C as
the guidelines express relationships between concept labels and their task-specific def-
initions. By performing controlled interventions in the guidelines, we aim to measure
how concept understanding is affected by the following factors: 1) the lexical infor-
mation of concept labels and concept definitions; 2) the degree of factuality of concept

definitions. In the next section, we present guidelines designed to capture such factors.

5.2.1.1 Concept Guidelines

We associate each concept ¢; € C to a natural language definition d; € D through a
injective concept definition function 6: C — D, where each ¢; € C and d; € D are
sequences of tokens. Each association 8(c;) = d; represents a factual definition if i = j
and a nonfactual definition otherwise. Then, a concept guideline is formalized as a
tuple G = (C,D,d). Depending on the choice of the function 8, we derive different

types of factual and nonfactual concept guidelines, which we describe below.

Factual guidelines Gy The factual guidelines combine the concept labels with their
corresponding factual definitions, that is, &(c¢;) = d; for all i. To illustrate, a fac-
tual guideline prompt would include the following definition for the scientific concept

BACKGROUND:

Background: A sentence that provides context, foundational knowledge,
or relevant information about the research topic, existing theories, prior
studies, or the broader scientific field in which the research is situated.

The factual guideline serves as a control baseline to compare against other types of

guidelines. For each of the scientific and financial concepts explored in this paper, we
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use definitions generated by GPT-3.5. These definitions are further reviewed for qual-
ity and redacted to remove explicit mentions of label names. We provide the complete

list of factual definitions and prompts in Section 5.2.2.4.

Out-of-dictionary guidelines Goop We replace real concept labels ¢; from factual
guidelines with out-of-dictionary (OOD) words (e.g., Snizzlewump). With those OOD
words, we remove the dependency with respect to prior knowledge tied to the lexi-
cal information of concept labels. The OOD labels are generated by GPT-3.5 using
the prompt Give me a list of random out-of-dictionary words. The resulting words
are: Flibberknock, Quibblesnatch, Blibberflop, Ziggledorf, Snizzlewump,
Wobblequark, Jibberplunk, Crumblefluff, Splonglewort, Dinglewhack.

Empty-definition guidelines G As a variant of the factual and OOD guidelines
above, we replace each definition with an empty string, that is, d(c;) = € for all i.
We denote these guidelines G and Goop,e respectively, and use them to gauge the

contribution of concept definitions compared to the factual guideline G baseline.

Nonfactual guidelines G, A guideline is considered nonfactual when at least one
concept ¢; is paired with a definition from another concept c;, that is, 8(c;) = d; for
i # j. Since § is injective, we have the number of nonfactual definitions (the degree of

nonfactuality of a guideline) ranging from two to |C|.

5.2.2 Experimental Setup

To experiment with different types of guidelines defined in Section 5.2.1.1, we choose
concepts C for which the language models have exposure via pre-training data. The
first domain we explore relates to rhetorical roles in scientific articles (Section 5.2.2.1),
which is extensively covered in the literature (Liakata et al., 2012). Since the pre-
training data for LLMs likely include various scientific concept classification datasets,
we annotate a novel dataset of sentence-level financial concepts (Section 5.2.2.2). In
addition to controlling for label memorization, our financial annotation based on the
Integrated Reporting framework (Cheng et al., 2014) covers concepts that are technical
but arguably more accessible than scientific rhetoric. In Sections 5.2.2.3 and 5.2.2.5,
we detail the LLM baselines used in the experiments and the classification task hyper-

parameters.
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5.2.2.1 Scientific Concepts Dataset

To test a model’s knowledge of scientific concepts we use the ARTCorpus dataset
(Liakata and Soldatova, 2008), which consists of 35,040 sentences from 225 chemistry
papers annotated by experts. Each sentence is labeled with one of the 11 Core Scientific
Concepts (CoreSC) derived from the EXPO ontology (Soldatova and King, 2006).

In the CoreSC scheme, the scientific concepts are structured hierarchically, with
concepts such as hypothesis, motivation, and goal being different sub-types of scien-
tific objectives. Since the dataset is relatively small, we observed that some classes
were too fine-grained, resulting in a strong label imbalance. To address this issue, we
merged some of the categories that shared the same parent concept, yielding the fol-
lowing set of categories: Background, Objective, Methods, Results, and Conclusion.
This classification scheme is also used in other PubMed-derived datasets such as the
PubMed RCT (Dernoncourt and Lee, 2017). In our experiments, we use 500 sentences

(100 samples per scientific concept) sampled from the ARTCorpus training split.

5.2.2.2 Financial Concepts Dataset

In this section, we introduce the methodology used to collect and annotate a dataset of

company disclosures with financial concepts.

Data Collection We collected narrative sections from 10-K annual reports extracted
from the Electronic Data Gathering, Analysis, and Retrieval (EDGAR) system (SEC,
2014), which is used by companies to submit documents to the United States Securities
and Exchange Commission (SEC). For each report, we use the following sections:
Item 1 - Business, Item 7 - Management’s Discussion and Analysis, and Item 7A -
Quantitative and Qualitative Disclosure about Market Risk. The reports are published
in December 2021 by companies in the S&P 500 index (S&P Global, 2024) with the

largest market capitalization across 11 industry sectors.

Annotation Scheme Several reporting standards (IFRS’, GAAP®) and ontologies
such as FIBO (Bennett, 2013) have been developed, but they are often too technical
and complicated to derive a simple taxonomy of financial concepts. Fortunately, the

Integrated Reporting (IR) framework’ offers a suitable set of domain concepts for the

Shttps://www.ifrs.org
®https://www.investopedia.com/terms/g/gaap.asp
Thttps://integratedreporting.org
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task. It defines a set of reporting elements that deliver a holistic view of how the
company uses capital to generate value (in this case, value in a broad sense, not just
financial). In this work, we use one dimension of the IR framework related to capitals,
which is the pool of funds available to an organization for use in the production of
goods or the provision of services. The capital concept types are: Financial, Manufac-

tured, Intellectual, Human, Social and relationship, and Natural.

Annotation Process Our annotation process is inspired by the General Scientific
Concepts guidelines (Liakata and Soldatova, 2008), but our concepts typology is not
hierarchical and does not account for instances of concepts (i.e., assigning identifiers
for each concept instance). Before engaging in the annotation task, the annotators were
presented with the textual guidelines listed in Figures 5.4 and 5.5. The web-based
annotation interface (Figure 5.3) is implemented using Label Studio®. The interface
shows the sample sentence and requests the annotator to classify it in one of the six
capital concepts (Financial, Manufactured, Intellectual, Human, Social and
relationship, and Natural) or None if the content is not related to any capital. The

annotator also has the option to indicate a secondary capital, if applicable.

Task #1300 9 c [} O skip [} <

Prices for crude oil, natural gas, petroleum products and petrochemicals are generally determined by supply and demand.

Select the primary capital

According to the @ < IR > framework, capitals are "stocks of value that are increased, decreased or transformed through the activities and
outputs of the organization." If there is no relevant capital, please select "None".

Financiall! Manufactured®? Intellectual®® Human Social and relationship!¥! Natural® Nonel”

Otherf®

Select the secondary capital
If there is just one relevant capital, please select "None".

Financial®! Manufactured® Intellectualld! Human! Social and relationshipte! Naturall! Nonek!

Figure 5.3: The annotation interface for the annotation of financial concepts. Given a
sample sentence, annotators are requested to assign one of six capital concepts or

None, if not applicable.

8nttps://github.com/HumanSignal/label-studio
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The concepts described in this section follow closely the definitions of the International
<IR> framework, and should be sufficient to perform the annotation. According to
the IR framework, capitals are “stocks of value that are increased, decreased or trans-
formed through the activities and outputs of the organization.” They can be classified in
financial, manufactured, intellectual, social and relationship, and human <IR> frame-

work, section 2C).

Financial capital

The pool of funds that is available to an organization for use in the production of
goods or the provision of services. It can be obtained through financing or gener-
ated through operations and investments. Example: “The discussion also provides
information about the financial results of our business segments to provide a better
understanding of how those segments and their results affect the financial condition

and results of operations of Ameren as a whole.”

Manufactured capital

Manufactured physical objects (excluding natural physical objects) that are available
to an organization for use in the production of goods or the provision of services,
including, buildings, equipment, and infrastructure (such as roads, ports, bridges, etc).
Example: “Due to the long lead time for the manufacture, repair, and installation of
the components, the energy center is expected to return to service in late June or early
July 2021.”

Intellectual capital

Organizational, knowledge-based intangibles, including: Intellectual property, such as
patents, copyrights, software, rights and licences “Organizational capital” such as tacit
knowledge, systems, procedures and protocols. Example: “The absence of revenues
from a software licensing agreement with Ameren Missouri decreased margins $5 mil-

lion.”

Figure 5.4: Guidelines for financial concept annotation provided to human labelers.

Concepts: Financial, Manufactured, and Intellectual capitals.
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Human capital

People’s competencies, capabilities and experience, and their motivations to innovate,
including their: 1) alignment with and support for an organization’s governance frame-
work, risk management approach, and ethical values; 2) sbility to understand, develop
and implement an organization’s strategy; 3) loyalties and motivations for improving
processes, goods and services; 4) Other matters related to people management. Ex-
ample: “As the situation rapidly evolved, we remained focused on safely serving our

customers and protecting the health and safety of our employees.”

Social and relationship capital

The institutions and the relationships within and between communities, groups of
stakeholders and other networks, including: 1) shared norms, and common values and
behaviours; 2) key stakeholder relationships, and the trust and willingness to engage
that an organization has developed and strives to build and protect with external stake-
holders; 3) intangibles associated with the brand and reputation that an organization
has developed; 4) an organization’s social licence to operate. Example: “In March
2020, the MoPSC issued an order in Ameren Missouri’s July 2019 electric service reg-

ulatory rate review, approving nonunanimous stipulation and agreements.”

Natural capital

All renewable and non-renewable environmental resources and processes that provide
goods or services that support the past, current or future prosperity of an organization,
including air, water, land, minerals, and biodiversity. Example: “These amounts in-
clude the 700 MWs of wind generation projects discussed below, which will support
Ameren Missouri’s compliance with the state of Missouri’s requirement of achieving

15% of native load sales from renewable energy sources beginning in 2021.”

Figure 5.5: Guidelines for financial concept annotation provided to human labelers.

Concepts: Human, Social and Relationship, and Natural capitals.
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Annotation | Annotator Agreement
Round

Ap A Aoz

Round 1 0.27 0.35 0.35
Round 2 0.45 0.60 0.35

Table 5.2: Annotator agreement on capital labels. A;; is the weighted Cohen’s K be-

tween annotators i and j.

Hiring and training 'Two final-year undergraduate students and one graduate student
with a background in finance/economics were hired as annotators. The compensation
was 10 British Pounds per hour of work, with an estimated effort of 50 sentences per
hour®. Each annotator received one-to-one training about the motivation, annotation
scheme, and guidelines, which included a description of each financial concept, exam-

ples, and general instructions covering edge cases.

Agreement assessment In the first round of annotation, each labeler worked on the
same report (with 1,291 sentences) and then the agreement was estimated using the
weighted Cohen’s K statistic (Artstein and Poesio, 2008b). The weighted version was
adopted because each annotator is allowed up to two choices for capitals, so partial
agreements are also taken into account. Formally, we define the disagreement weight
d as the symmetric difference between the sets of labels L, ; and L;, ; assigned to sample

i by annotators a and b respectively:
di(ab) = |(LaiVULpi) \ (LaiNLpi)|-

The disagreements d;(a,b) are used in the weighted Cohen’s K formulation by Artstein
and Poesio (2008b), Section 2.6.2.

The first round aimed at gauging the annotator’s understanding of the guidelines
and also, collecting feedback to improve the instructions. After analysis of the results,
a one-to-one review session was delivered to give feedback about some common mis-
conceptions and disagreements. A second report (562 sentences) was released to as-
sess the effect of the improved guidelines. As shown in Table 5.2, the scores improved

significantly in the second round, suggesting the changes in the guidelines were ef-

°The annotation tasks were performed in 2021, when the UK minimum wage was 8.91 British
Pounds (GOV.UK, 2024).
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Company Sector Sentences Labelers
Monster Beverage Consumer Staples 1291 3
Chevron Energy 562 3
Netflix Communication Services 648 1
Amazon Consumer Discretionary 609 1
Sherwin- Williams Materials 687 1

Table 5.3: Statistics for annual reports annotated with financial concept labels.

fective!?. The final concept labels for the first two reports were chosen by majority

voting.!!

Final annotation Following Liakata and Soldatova (2008), the first two phases of
annotation are used for quality assessment, and each subsequent report is annotated by
just one annotator. Table 5.3 details the annotation statistics. In our experiments, we
use a balanced sample of 540 sentences, with 90 sentences for each of the 6 financial
concepts. The data was not released or stored in public servers to avoid potential

contamination.

5.2.2.3 Models

In our experiments, we use the leading open-source and proprietary instruction-tuned
language models currently available, covering a wide range of sizes (from 7B to 180B
for open-source models). We focus on instruction-tuned models as non-instruct models
require the task specification via in-context samples (Xie et al., 2021; Min et al., 2022),
which in our early experiments resulted in poor performance when mixed with concept

guidelines.

* LLAMA-2 (Touvron et al., 2023), a family of open-source large language mod-
els that achieve state-of-the-art results at the moment of this writing. We use the
LLAMA-2-CHAT variants (7B, 13B, and 70B parameters), which are pre-trained

on 2 trillion tokens of data and fine-tuned via supervised fine-tuning and Rein-

19Dye to the inherent ambiguity of the task, the agreement scores are moderate. We discuss this issue
in the limitations section.
"'Voting ties were adjudicated by the guideline’s author.
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forcement Learning with Human Feedback (RLHF). Unless otherwise stated, all

mentions of LLAMA-2 in this work refer to the chat variants.

* GPT-3.5 and GPT-4 (Achiam et al., 2023), two proprietary models that of-
fer the best instruction-following capabilities at the time of this writing. In
our experiments, GPT-3.5 and GPT-4 refer to the gpt-3.5-turbo-0613 and
gpt-4-0613 models respectively'?, which are invoked via the chat completions
API.

* FALCON-180B (Almazrouei et al., 2023), a 180-billion language model trained
on 3.5 trillion tokens from the RefinedWeb dataset (Penedo et al., 2023). We
use the FALCON-180B-CHAT version that is fine-tuned on further instruction,
question answering, and chat datasets. In contrast to the other language models
above, it does not use Reinforcement Learning with Human Feedback (RLHF)

in its fine-tuning phase.

5.2.2.4 Concept Definitions for LLMs

Ideally, we would use the same guidelines provided to humans (Figure 5.4) for an-
notation with LLMs. However, the human guidelines are not uniform across con-
cepts and contain several examples and references to external content. Thus, to mini-
mize confounding factors related to differences in definitions across concepts, we use
model-generated concept definitions. Specifically, we prompt GPT-3.5 (refer to Sec-
tion 5.2.2.3 for API usage details) to provide a short description of a concept in the
context of a sentence annotation task. For scientific concepts, we use the following

prompt:

We need to classify sentences in scientific articles
according to the information they convey: background,
motivation, method, results, or conclusion. Please
provide a short definition for each of those labels to
be used in annotation guidelines.

Then, we review and edit the definitions to remove explicit mentions of label names
such as A sentence is classified as ”Motivation” when it explains (...). The final scien-
tific concepts are provided in Table 5.4.

Similarly, we generate definitions for financial concepts using the prompt:

Zhttps://platform.openai.com/docs/models
Bhttps://platform.openai.com/docs/guides/gpt


https://platform.openai.com/docs/models
https://platform.openai.com/docs/guides/gpt

5.2. Gauging LLM Concept Understanding 95

We need to classify sentences in company disclosure
reports according to the capital information they convey:
financial, manufactured, intellectual, human, social

and relationship, or natural. Based on the Integrated
Reporting framework, please provide a short definition
for each of those labels to be used in annotation
guidelines.

The financial concept definitions (after review) are provided in Table 5.5.

5.2.2.5 Concept Classification Details

For concept classification, we perform conditional generation (Eq. 5.4) using the Hug-
ging Face transformers library (Wolf et al., 2020). To build the model inputs, we apply
the prompt templates defined in Section 5.2.1, replacing the placeholders with the con-
cept labels, definitions, the input sentence, and a concept domain indicator. Since the
input sentences are short (around 30 words on average), no truncation is applied. We
provide details on the prompts and inference parameters in Appendix A.3.

Finally, the classification prompts are wrapped into model-specific prompts. For

the LLAMA-2 models, we use the following prompt:

[INST] {promptg}

{prompt,} [/INST]

And for FALCON-180B, we use the following prompt:

User: {instruction} {promptg}

{prompt,}
Falcon:

where prompt; and prompt, are defined in Section 5.2.1. Note that we do not use sys-
tem prompts for both models, as we found that system prompts result in more verbose

outputs.

Post-processing Since we use unconstrained generation for classification, in some
instances the output includes extra dialog verbiage and even explanations for the pre-
dictions. By examining these outputs, we can gain more detailed insights into the
model behavior, for instance, when it refuses to classify sentences with out-of-dictionary
labels (refer to details in Section 5.2.3). To extract labels from those outputs, we apply

a post-processing heuristic that checks if any of the labels is a substring of the output.
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Concept Definition

Background | A sentence that provides context, foundational knowledge, or
relevant information about the research topic, existing theories,
prior studies, or the broader scientific field in which the research
is situated. It helps readers understand the background against

which the research is conducted.

Motivation | A sentence that explains the reasons, objectives, or goals behind
the research. It often includes statements about the research gap,
the problem being addressed, the significance of the study, and

why the research is important.

Method A sentence that describes the research methods, techniques, pro-
cedures, and data collection processes used in the study. This
category also encompasses details about the experimental design,

data analysis, and any materials or instruments utilized.

Result A sentence that presents the empirical findings, outcomes, ob-
servations, or data generated by the research. It includes quanti-
tative and qualitative results, statistical analyses, tables, figures,

and any other information related to the research findings.

Conclusion | A sentence that summarizes the key takeaways, implications, in-
terpretations, or insights derived from the study’s results. It often
discusses the broader significance of the findings, suggests future
research directions, and may reiterate the study’s contributions to
the field.

Table 5.4: Scientific concept definitions used in sentence classification guidelines.
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Concept Definition

Financial A sentence that pertains to monetary resources, assets, liabil-
ities, revenues, expenses, or any other financial information
related to the company’s operations, investments, and finan-

cial performance.

Manufactured | A sentence that refers to physical assets, infrastructure, and
tangible resources such as buildings, machinery, equipment,
or any other manufactured or constructed items that con-

tribute to the company’s value.

Intellectual A sentence that relates to intangible assets, knowledge, in-
tellectual property, patents, trademarks, copyrights, research
and development activities, or any other intellectual assets

that enhance the company’s competitiveness and innovation.

Human A sentence that involves information about the company’s
workforce, including employees, skills, expertise, training,
recruitment, talent development, and any other human re-

sources aspects that contribute to the company’s success.

Social and A sentence that deals with the company’s relationships
relationship and interactions with external stakeholders, communities,
customers, suppliers, partners, and any other social or
relationship-based assets that affect the company’s opera-

tions and reputation.

Natural A sentence that addresses environmental resources, sustain-
ability efforts, ecological impacts, conservation initiatives,

or any other aspects related to the company’s use of natural

resources and its environmental responsibility.

Table 5.5: Financial concept definitions used in sentence classification guidelines.
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If there is a single substring that meets this requirement, it is considered as the pre-
diction. Finally, for OOD guidelines, we replace the OOD label predictions with the
corresponding factual labels, so the performance metrics can be computed with respect

to the ground-truth labels.

5.2.3 Results and Discussion
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Figure 5.6: Concept classification accuracy for different scientific (top) and financial
(bottom) concept guidelines. In this experiment, the nonfactual guideline G, is a ran-
dom permutation where all concept definitions are nonfactual. Empty-Def refers to the
empty-definition factual (Gr¢) and out-of-vocabulary guidelines (Goop.e). Error bars
represent the 95% confidence interval and the dashed line indicates the random clas-

sifier baseline.

LLMs Leverage Concept Labels and Definitions Using a factual guideline G as
a reference, results from Figure 5.6 show that removing concept definitions (guideline
Gy.e) reduces consistently the accuracy of concept classification. However, the clas-
sification performance without concept definitions is still significantly higher than the

random baseline, which suggests that the models have relevant prior knowledge related
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Figure 5.7: Concept classification accuracy results for different levels of nonfactuality of
scientific (left) and financial (right) concept guidelines. We sample 10 guidelines for
each nonfactuality level and average the classification accuracies. Error bars represent

the standard deviations.

to the concept label lexical information. The average accuracy loss when removing
concept definitions is 3.7% and 8.2% for scientific and financial concepts respectively,
which indicates that financial definitions have a stronger influence on model predic-

tions.

Nonfactual Understanding Emerges with Scaling As pointed out above, the lexical
information from both concept labels and definitions contributes to task performance.
However, we want to verify if the associations between labels and definitions are rel-
evant. In Figure 5.6, we observe that the smaller LLAMA-2-7B and LLAMA-2-13B
models have a similar performance under the factual Gy and nonfactual guideline G,
settings. In contrast, there is a consistent drop in accuracy for LLAMA-2-70B, GPT-
3.5, and GPT-4, which indicates that these models are effectively changing the labels
according to the nonfactual semantics. Despite having more than two times the num-
ber of parameters of LLAMA-2-70B, FALCON-180B behaves similarly to the smaller
LLAMA-2 models when conditioned with the nonfactual guideline. In this case, scaling
is not a sufficient condition to improve understanding in nonfactual contexts.

As further evidence of the capacity of GPT models to follow guidelines, we sample
nonfactual concept guidelines such that they are balanced with respect to the number of
nonfactual concepts. Then, we evaluate the classification performance for each guide-
line on the same data samples and average the results for guidelines with the same
number of nonfactual concepts. The curves in Figure 5.7 show decreasing classifica-

tion performance as the scientific guidelines become more nonfactual, with GPT-3.5
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Figure 5.8: Guideline adherence scores per financial and scientific concept for GPT-
3.5 and LLAMA-2. Each cell A;; shows the fraction of concept predictions that adhere to
definitions (¢ j) = d;, where the rows indicate original factual labels c; that are randomly
replaced by labels c¢; (columns). Off-diagonal results indicate nonfactual definitions.

results having a stronger Pearson correlation of —0.73 compared to —0.10 for LLAMA-
2-7B. A similar trend is observed for financial guidelines, as additional evidence that
GPT-3.5 is more sensitive to nonfactual guidelines. However, the ability to adhere to
nonfactual guidelines is not uniform across concepts. In Figure 5.8, we observe that
some concept changes (e.g., from scientific RESULTS to CONCLUSION) are followed
much less frequently. We hypothesize that the semantic similarity between concepts
may impact the accuracy in nonfactual settings. We leave the study of such factors for

future work.
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Larger Models Can Rename Existing Concepts We consider the effects of re-
moving the lexical information from concept labels by using out-of-dictionary labels
(Goop guideline). Again, the largest models (70B or more parameters) tend to perform
on par with the original factual guideline G across both domains. Even though the
models are not learning entirely new concepts, it is remarkable that they can associate
novel labels with abstract concepts and leverage them to solve tasks. We believe this
ability might be relevant for natural language reasoning problems that require symbolic

formulation (Pan et al., 2023).

Proprietary Models Recognize Unknown Concepts While LLAMA-2-70B has per-
formance similar to GPT-3.5 on most settings, when presented with out-of-dictionary
(OOD) labels without definitions (Goop.e guideline), it predicts labels randomly. This
result confirms that OOD labels provide no information related to scientific or financial
concepts. However, GPT-3.5 and GPT-4 behave differently, often refusing to assign
concepts to the sentences and instead generating outputs such as None of the categories
listed above are appropriate for classifying the given text. For instance, GPT-3.5 re-
fuses to classify 58% and 51% of sentences from scientific and financial documents
respectively, while the open-source models always predict one of the nonsensical la-
bels. We hypothesize that this ability to recognize unknown concepts is derived from
careful alignment efforts (Ouyang et al., 2022), which presents an avenue for improv-

ing open-source language models.

Agreement with Human Annotators Using sample sentences from the second re-
port of the financial annotation, we measure the agreement of the models’ financial
concept predictions (using factual concept guidelines) to each human annotator. We
find that LLAMA-2-7B and GPT-4 achieve average Cohen’s K scores on par with ex-
pert annotators (Table 5.6). This result is in line with previous work showing that

LLMs can be a useful tool in annotation pipelines (Wang et al., 2021).

5.3 Related Work

The summarization of scientific articles informed by sentence concepts (or rhetorical
status) is explored by Teufel and Moens (2002). Their approach consists of one for
sentence relevance and a second classifier for concepts such as paper aim, background,

and contrast to previous research. With the output of the classifiers, they can tailor
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Annotation Agreement

Model
Al Az A3 AVg

Human Average | 0.46 0.43 0.37 0.42

LLAMA-2-7B 046 047 035 043
GPT-4 047 053 035 045

Table 5.6: Financial concept annotation agreement to annotators A, A,, and A3. Re-
sults are non-weighted Cohen’s x on a subset of sentences for which human annotators

assigned at least one capital concept.

summaries for nonexpert readers focusing on background information. Using a differ-
ent concept classification scheme, the CoreSC, Liakata et al. (2012) proposes a similar
solution for extractive summarization of chemistry papers.

Previous work examined if LLMs exhibit human-like conceptual grounding (Pi-
antadosi and Hill, 2022). Patel and Pavlick (2021) demonstrate that LLMs such as
GPT-3 can generalize spatial and color concepts in some settings. Using several non-
factual reasoning tasks such as arithmetic, chess, and drawing Wu et al. (2023) show
that some proprietary models have limited capacity for reasoning under nonfactual
conditions. Our work explores concept classification tasks that are more abstract than
spatial concepts but still simpler than the more complex tasks proposed by Wu et al.
(2023). As a consequence, we can more precisely control the level of nonfactuality of

the tasks while keeping the same level of difficulty.

A variety of approaches related to editing factual knowledge of LLMs has been
explored recently (Onoe et al., 2023; Meng et al., 2022; Zhu et al., 2020). This line of
work proposes different ways to edit memory related to entities and assess if the model
outputs in different contexts are consistent with the newly introduced facts. Those ap-
proaches focus on updating model parameters while we examine model behavior under
in-context concept edits. Min et al. (2022) study the role of in-context demonstrations
for various classification tasks. They conclude that associations of samples and labels
do not strongly influence the model’s performance, suggesting that non-instruct LLMs
cannot learn new information from the demonstrations. In contrast, our results sug-
gest that instruction-tuned models are consistently influenced by in-context concept

definitions.

Our evaluation protocol is similar to Wei et al. (2023) work as they use flipped and
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“semantically-unrelated” labels in task demonstrations. While they focus on in-context
learning, our experiments are zero-shot tasks including only concept definitions. Thus,
our setting is arguably harder, requiring the models to generalize from guidelines (not
examples) that are relatively agnostic with respect to the classification task. Further-
more, we put a significant effort into evaluating open-source models that are state-of-
the-art at the time of this submission. To our knowledge, this kind of evaluation is not
addressed by previous work and is relevant to inform the improvement of open-source
initiatives.

The potential of LLMs as zero-shot and few-shot data annotators has been demon-
strated in medical (Agrawal et al., 2022), social science (Zhu et al., 2023), and other
language understanding tasks (Wang et al., 2021). Our work provide further evidence
that instruction-tuned models can perform concept classification with agreement scores
comparable to expert annotators. Additionally, we show that similarly to humans,

LLMs can leverage concept guidelines to improve the annotation quality.

5.4 Limitations

Opacity of Proprietary Models The experimental results from Section 5.2.3 confirm
that the proprietary models excel in almost all classification settings. However, we
cannot determine if the main cause for the best performance is the scale, training data,

or fine-tuning methods since we do not have access to their implementation details.

Inference costs for Large Models Our experiments are severely limited by the com-
puting requirements of the larger open-source LLM models. For instance, FALCON-
180B-CHAT requires around 400GB of memory for inference, equivalent to 5 Nvidia
A100-80GB GPUs. Thus, we limit our nonfactual guideline experiments (Figure 5.7)
to include only a subset of possible permutations for LLAMA-2-7B and GPT-3.5.

Consequences of Nonfactual Performance to Other Tasks In this work, we mea-
sure the capacity of several language models to work under nonfactual contexts. Future
investigation efforts could explore how this ability correlates to a potential reduction of
hallucinations in generative tasks or even improved performance in natural language

reasoning problems (Pan et al., 2023).
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Financial Annotation Agreement Due to the ambiguity of financial annotation the
task, the agreement scores we report in Section 5.2.2.2 are relatively moderate (average
Kk = 0.47 for the second round in Table 5.2). One of the main factors for disagreement
is that some sentences are complex and may contain multiple capitals, as illustrated in

the following example (passages conveying capitals are underlined):

Such factors include the duration and scope of the pandemic, including
any resurgences of the pandemic, and the impact on our workforce and
operations; the negative impact of the pandemic on the economy and eco-
nomic activity, including travel restrictions and prolonged low demand
for our products; the ability of our affiliates, suppliers and partners to
successfully navigate the impacts of the pandemic; the actions taken by
governments, businesses and individuals in response to the pandemic; the
actions of OPEC and other countries that otherwise impact supply and
demand and correspondingly, commodity prices; the extent and duration
of recovery of economies and demand for our products after the pandemic
subsides; and Chevron’s ability to keep its cost model in line with chang-
ing demand for our products.

In many cases, annotators chose a non-intersecting subset of the capitals, which
counts as a disagreement (even though both are partially correct). Those voting ties
were reviewed and adjudicated by the author of the guidelines. Previous scientific
annotation projects like (Liakata et al., 2012) also report a moderate agreement (K =
0.55, median of the best annotators), which demonstrates the difficulty in annotating
technical documents.

Finally, even though report agreements between LLM annotations and humans in
Table 5.6, our experiments are not designed to fairly compare annotation quality. Be-
fore annotation, humans received training and guidelines that are more comprehensive
than LLLM guidelines. Secondly, humans were able to “calibrate” their labels according

to previously annotated sentences, whereas LLMs do not have access to this memory.

5.5 Conclusion

Our experiments on guiding the coverage of domain concepts indicate that structuring
a complex summarization task into smaller and more tractable steps is a promising di-
rection. The annotate-plan-edit (APE) pipeline provides a way to control the emphasis
of specific scientific concepts in summaries and also, a means to interpret the model
understanding of the documents by examining the intermediate concept notes. Our

investigation reveals gaps in concept coverage between human and machine-written
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summaries, which motivated a comprehensive assessment of scientific concepts by
large language models.

By using factual and nonfactual concept guidelines for sentence classification, we
demonstrate measurable gaps in concept understanding between leading open-source
and proprietary instruction-tuned models. While some level of nonfactual concept un-
derstanding emerges with scaling, open-source models cannot recognize nonsensical
(out-of-dictionary) guidelines, which the closed APIs can address more consistently.
One question to be addressed in future work would be to investigate potential corre-
lations between the capacity of reasoning in nonfactual contexts and other common

generation issues such as hallucination.






Chapter 6
Conclusions

This thesis investigates techniques for controllable summarization of long technical
documents, focusing on the scientific domain. By examining the recent progress of
single-document summarization in Chapter 2, we learn that summarization (as other
fields in Artificial Intelligence) seemingly does not escape the bitter lesson: simple
general learning principles (at scale) tend to be more effective in the long term than
summarization-specific inductive biases. However, scaling alone cannot account for
subjective and extrinsic factors that constrain the summarization tasks. This reality

calls for innovations in how we formulate and evaluate summarization tasks.

In this setting, the context factors proposed by Jones (1998) provide a useful frame-
work for constraining summarization tasks not only in terms of lexical similarity to
reference summaries but more nuanced purpose factors of summarization. To realize
this view in the age of large neural language models, we propose a simple energy-
based model of summarization in which we shift the modeling of context factors from
learning to inference. The investigation includes explicit optimization procedures in a
factorized energy-based model or the direct specification of context factors via textual

prompts for language models.

Chapter 3 addresses the first research question, how to adapt a summarization
model to diverse context factors at inference time. It introduces FACTORSUM, a model
that separates training and optimization with respect to context factors such as sum-
mary budget and content coverage. This factorized model achieves superior lexical
alignment with reference scientific abstracts compared to models with up to 4 times
more parameters. Additionally, FACTORSUM demonstrates promising domain adap-
tion when using a model trained on scientific articles to summarize government reports

without further in-domain training. This method was also applied to legal documents
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(Malik et al., 2024) and lay summarization of biomedical research articles (Phan et al.,
2023; Goldsack et al., 2023), demonstrating the flexibility of the factorized model.

The next set of experiments investigates whether large language models can adapt
to diverse styles of scientific summarization including abstracts, peer reviews, and lay
summaries. The results from Chapter 4 indicate a competitive performance of LLMs
as measured by ROUGE, compared to strong supervised baselines trained specifically
for abstract generation. Also, the human evaluation experiments show a significant
preference for machine-generated summaries, mostly due to better coverage of scien-
tific concepts. Moreover, we show how to improve lexical alignment controllability
in LLM summaries by using keywords extracted from FACTORSUM summaries. This
approach balances the token-level alignment of FACTORSUM with the high fluency of
LLM summaries.

Lastly, we explore the question of how to control the coverage of scientific con-
cepts in lay summaries. In Chapter 5, we design a annotate-plan-edit (APE) model
that breaks summarization into per-concept sub-tasks. Our findings indicate that large
language models cannot reproduce a similar distribution of concepts (with a strong
emphasis on scientific background information) as found in human-written lay sum-
maries. These results motivate a further investigation of the capacity of LLMs to iden-
tify scientific and financial concepts in technical documents. To this end, we design
sentence classification experiments using state-of-the-art LLMs subject to factual and
perturbed concept definitions. As expected, our results point out that model scale cor-
relates with concept understanding. However, increasing scale alone is not sufficient
to achieve high performance, as we find that the Falcon model with 180 billion pa-
rameters is outperformed by some of the smaller open-source counterparts. Finally,
there are some counterfactual settings (nonsensical tasks) that can only be handled by
proprietary APIs, which indicates there is still a gap in task understanding compared
to open-source models.

Our research provides evidence of the effectiveness of large language models in
summarizing long technical documents. However, we also find relevant limitations re-
lated to fine-grained control of concept coverage in lay summaries that deviate from
a typical summary in the training data. Furthermore, we found cases where small su-
pervised models like FACTORSUM are still useful, especially in contexts where large-
scale models are not feasible or more precise control of surface-level properties of
summaries is required.

Leveraging context factors provides a promising avenue for future summariza-
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tion models and evaluation benchmarks. The summarization directions depicted by
Jones (1998) remain relevant as an open research question, which is, fortunately, more

tractable due to the recent developments in language modeling.

6.1 Limitations and Future Work

The current research space related to generative language modeling is extremely dy-
namic, and many of the model capabilities and limitations we present in this thesis
might demand constant reevaluation as novel (and even larger) large language mod-
els are released. In this section, we highlight some of the research directions that we

believe will remain relevant to improve summarization systems.

Focus on summary purpose As evaluation protocols based on linguistic fluency
and general-purpose importance become obsolete, it is expected that actual summary
goals and user needs will be explored in more detail. As mentioned in Chapter 2, recent
work conducted surveys among summary readers in universities to find out what is
missing in summaries produced by current systems, and how language simplification
affects the perception of quality (Ter Hoeve et al., 2022; August et al., 2024). It is likely
that more such field research based on context factors will inform future summarization

developments.

Crowdsourced comparative benchmarks One of the main challenges we found in
evaluating summarization models refers to scaling human evaluation. Especially for
technical documents such as scientific papers, the evaluators must be at least moder-
ately knowledgeable about the research topic, and a slight shift in the domain may
affect the quality of judgments substantially. Other issues include the length of docu-
ments and the inherent subjectivity of the task. A possible solution to this problem is
using crowdsourced benchmarks based on blind comparisons between model outputs
(Chiang et al., 2024) and ranking estimation using the Bradley-Terry model (Bradley
and Terry, 1952). Although most current leaderboards of this kind are general-purpose
evaluations, we expect that derived versions will be developed targeting specific qual-
ity dimensions (e.g., which paper abstract is the best suited to a lay audience?) or

communities, such as computer scientists or financial specialists.
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Cognitive and socially-grounded models Textual information in scientific articles
reflects a real-world process that involves resources and people with different interests
within complex organizations. Modeling this context and also the cognitive processes
involved in crafting a summary (Cardenas et al., 2024) might improve the quality and

interpretability of the model outputs.

Multimodality This thesis and the majority of research in summarization concen-
trates on textual data. However long documents such as research papers and finan-
cial reports contain relevant information represented in other modalities such as tables
and diagrams, which could be leveraged by multimodal large language models (Koh
et al., 2023). More generally, a summarization model would not only consume multi-
ple modalities as input but also generate multimodal summaries (Zhu et al., 2018; He

et al., 2023), potentially increasing their informativeness.



Appendix A

Additional Results and

Implementation Details

In this appendix, we present additional validation results, sample summaries, and

model hyperparameters for models covered in chapters 3 and 4.

A.1 Validation Results for FACTORSUM

Table A.1 shows the validation scores for the ensemble experiments corresponding to

the test results in Table 3.7.

PubMed arXiv
Ranker

R-1 R-2 RL | R1 R2 R-L

PEGASUS + BigBird Ensemble Summaries

TextRank 44.02 18.40 38.73 | 4420 16.97 37.66

FACTORSUM 4483 19.12 40.90 | 44.77 17.36 39.84
FACTORSUM-Oracle | 48.77 21.72 44.40 | 49.18 20.07 43.72

Summary Views

TextRank 42.17 16.82 37.62 | 4249 16.39 37.58

FACTORSUM 45.33 18.69 41.62 | 47.16 18.57 42.57
FACTORSUM-Oracle | 51.64 23.27 47.48 | 53.27 2275 48.08

Table A.1: ROUGE F1 scores on the validation sets for the ensemble experiments.
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Appendix A. Additional Results and Implementation Details

Additionally, in Table A.2, we provide validation scores corresponding to the in-

domain summarization test results in Table 3.6.

PubMed arXiv GovReport
Model
R-1 R-2 R-L Len| R-1 R-2 R-L Len| R-1 R-2 R-L Len
Previous work
PEGASUS 43.73 18.77 40.15 181 |43.07 16.39 38.66 170| - - - -
BigBird 45.28 19.77 41.60 186 |46.02 18.54 41.35 164| - - - -
BART-large - - - - - - - - 153.06 19.11 50.12 597
Guidance
Budget Content FACTORSUM - no content guidance
Oracle - 47.37 19.16 43.33 210 |48.85 18.85 43.92 165 |59.54 23.98 55.82 642
Fixed - 45.33 18.69 41.62 205 |47.16 18.57 42.57 165 |58.41 23.90 54.83 650
Model - 44,71 18.07 40.84 185|46.35 18.22 41.79 165 |57.55 23.68 53.92 639
FACTORSUM - content guidance

Oracle Lead [48.19 19.99 44.25 205|49.61 19.27 44.75 164 |60.47 24.93 56.89 649
Fixed Lead |46.10 19.21 42.43 202|47.98 18.99 43.41 165(59.19 24.72 55.78 649
Fixed  Model |47.20 20.17 43.48 197 {49.16 20.17 44.59 164 |60.00 25.33 56.49 648
Model Model [47.00 20.15 43.19 179 |48.17 20.06 44.07 164 |59.35 25.25 55.84 641

Table A.2: ROUGE F1 scores and average words per summary on the validation sets
for different types of guidance during inference. Lead guidance is the first k sentences
from the source document (Section 3.3.2.2). Model guidance is provided by BART-
large for GovReport and BigBird for PubMed and arXiv. The choice of budget guidance
values is described in Appendix 3.2.2.1. Results for models marked with § are taken
from the original publications. Underlined results are statistically equivalent to the best
methods (p < 0.05).

A.2 Summarization Model Parameters

Table A.3 lists the model hyperparameters for the experiments described in Chapter 4.
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BIGBIRD
Checkpoint (arXiv) bigbird-pegasus-large-arxiv
Checkpoint (PubMed) bigbird-pegasus-large-pubmed
Number of parameters 576.9M
Max source length 3072
Generation beams 5
Length penalty 0.8
FACTORSUM
Checkpoints bart-base
Number of parameters 139.4M
Max source length 1024
Max source length 128
Generation beams 4
Length penalty 1.0
LLAMA-2
Checkpoint Llama-2-7b-chat-hf
# parameters B
Max context length 2048
Parameter type float16
Nucleus temperature 0.8
Nucleus top-p 0.95
GPT-3.5
Model gpt-3.5-turbo-0301
temperature 1
top_p 1
presence_penalty 0
frequency_penalty 0
All models (except FACTORSUM)
Max target length (arXiv, MuP) 256
Max target length (PubMed, eLife) 512

Table A.3: Model details and generation parameters.
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A.3 Concept Classification Model Parameters

Table A.4 lists the model hyperparameters for the experiments described in Chapter 5.

LLAMA-2

Number of parameters 7B/ 13B/70B
Max context length 4096

FALCON-180B-CHAT

Number of parameters 180B

Max context length 2048

LLAMA-2 and FALCON-180B-CHAT

Parameter type float16
Nucleus temperature 0.8
Nucleus top-p 0.95

GPT-3.5 and GPT-4

Model GPT-3.5 gpt-3.5-turbo-0611
Model GPT-4 gpt-4-0611
temperature 1
top_p 1
presence_penalty 0
frequency_penalty 0

All models
Max generation tokens 128

Table A.4: Summary of generation details and parameters.
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A.4 Sample Summaries for FACTORSUM

In Tables A.5 to A.16, we list samples of summaries from PubMed, arXiv, and GovRe-
port test sets. We compare BigBird and BART summaries to FACTORSUM with lead
and model-provided content guidance. Budget guidance is fixed to the same values as

described in Section 3.3.2.

Reference abstract (Tokens: 156)

we report a 2.5-year - old girl who presented with hoarseness of voice since 3 months
of age and failure to thrive . chest x - ray showed cardiomegaly with a deviation of
the trachea and mediastinum to the right side . two - dimensional echocardiography
showed decreased flow across the right pulmonary artery , a small atrial septal defect
(‘asd ) with a right - to - left shunt , and a dilated right atrium and right ventricle with
severe tricuspid regurgitation suggestive of severe pulmonary hypertension . a silent
large patent ductus arteriosus was also seen . multiple detector computerized tomogra-
phy aortogram confirmed the findings of absent right pulmonary artery and hypoplastic
right lung with small cystic lesions suggestive of congenital cystic adenomatoid mal-

formation in the right lower lobe .

BigBird summary
Tokens: 48; ROUGE-1: 45.16; ROUGE-2: 31.52; ROUGE-L: 39.78

we report a 2.5-year - old girl with congenital absence of the right pulmonary artery
with associated congenital cystic adenomatoid malformation of the right lower lobe,
patent ductus arteriosus, and atrial septal defect, who presented with ortner’s syndrome

due to severe pulmonary hypertension. .

Table A.5: Sample abstract and BigBird summary from the PubMed test set (ID = 5836).
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FACTORSUM - Fixed budget and Lead content guidance
Tokens: 199; ROUGE-1: 47.17; ROUGE-2: 26.58; ROUGE-L: 44.65

unilateral absence of pulmonary artery ( uapa ) is a rare congenital abnormality , with
an estimated prevalence of 1 in 200,000. while some patients with uapa are totally
asymptomatic , others may have severe pulmonary hypertension. we report a 2.5-year
- old girl with congenital absence of the right pulmonary artery with associated congen-
ital cystic adenomatoid malformation ( ccam ) , patent ductus arteriosus ( pda ) , and
atrial septal defect , who presented with ortner ’s syndrome due to severe pulmonary
hypertension. a 2.5-year - old girl presented with hoarseness of voice noticed since 3
months of age , breathlessness for the past 15 days and failure to thrive. pulmonary
agenesis is usually unilateral , right sided absence of pulmonary artery being more
common. the syndrome has since been described in adults with various cardiovascular
disorders , but reports in children are less common. congenital cystic adenomatoid
malformation ( ccam ) is a rare cause of congenital cyanotic heart disease. the child
was intubated and ventilated and started on pressors , but sustained a cardiac arrest on

the 4th hospital day from which she could not be resuscitated.

FACTORSUM - Fixed budget and BigBird content guidance
Tokens: 142; ROUGE-1: 42.42; ROUGE-2: 23.66; ROUGE-L: 38.64

congenital cystic adenomatoid malformation ( ccam ) is a rare cause of congenital
cyanotic heart disease. pulmonary agenesis is usually unilateral , right sided absence
of pulmonary artery being more common. the syndrome has since been described in
adults with various cardiovascular disorders , but reports in children are less common.
unilateral absence of pulmonary artery ( uapa ) is a rare congenital abnormality , with
an estimated prevalence of 1 in 200,000. we report a 2.5-year - old girl with congenital
absence of the right pulmonary artery with associated congenital cystic adenomatoid
malformation ( ccam ) , patent ductus arteriosus ( pda ) , and atrial septal defect,
who presented with ortner ’s syndrome due to severe pulmonary hypertension. while
some patients with uapa are totally asymptomatic , others may have severe pulmonary

hypertension.

Table A.6: Summaries generated by FACTORSUM for a sample from PubMed test set
(ID = 5836). Reference abstract is presented in Table A.5.
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Reference abstract (Tokens: 240)

the navier - stokes - fourier theory of viscous , heat - conducting fluids provides
parabolic equations and thus predicts infinite pulse speeds . naturally this feature
has disqualified the theory for relativistic thermodynamics which must insist on finite
speeds and , moreover , on speeds smaller than c. the attempts at a remedy have proved
heuristically important for a new systematic type of thermodynamics : extended ther-
modynamics . that new theory has symmetric hyperbolic field equations and thus it
provides finite pulse speeds.extended thermodynamics is a whole hierarchy of theories
with an increasing number of fields when gradients and rates of thermodynamic pro-
cesses become steeper and faster . the first stage in this hierarchy is the 14-field theory
which may already be a useful tool for the relativist in many applications . the 14 fields
and further fields are conveniently chosen from the moments of the kinetic theory of
gases.the hierarchy is complete only when the number of fields tends to infinity . in
that case. the pulse speed of non - relativistic extended thermodynamics tends to infin-
ity while the pulse speed of relativistic extended thermodynamics tends to ¢, the speed
of light. [...]

BigBird summary
Tokens: 105; ROUGE-1: 37.27; ROUGE-2: 13.75; ROUGE-L: 32.29

the paradox of pulse speeds in extended thermodynamics has been known for 50 years.
it seems to have been caused by eckart s theory of irreversible processes which assumed
a constant pulse speed and a fixed temperature. recently it has been shown by boillat
& ruggeri that, as the number of moments increases, the pulse speed tends to infinity
in the non - relativistic kinetic theory of gases and the relativistic case by which the
pulse speed tends to c. these results put an end to the long - standing paradox of pulse

speeds. they are reviewed in detail.

Table A.7: Sample summaries from the PubMed test set (ID = 1475).
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FACTORSUM - fixed budget and Lead content guidance
Tokens: 216; ROUGE-1: 50.12; ROUGE-2: 14.18; ROUGE-L: 44.77

the pulse speed problem is one of the most important questions in thermodynamics ,
but it is a question that can be answered , and has to be answered. we derive a set
of thermodynamic processes fora, a, b, ¢, and d. in this paper , we prove that
a co - vector exists in which the entropy is a function of the thermal equation of the
state. the thermodynamics of viscous , heat - conducting gases is studied by means of
the determination of the 14 fields of the field equations. in this paper , we review the
recent developments in the field of non - equilibrium thermodynamics. it is possible
, and indeed common , to make a specific choice for the fields u and the concavity
postulate is contingent upon that choice. the first moments in the kinetic theory of
gases are obtained from a homogeneous system where the acceleration waves and their
speeds of propagation are to be calculated from the homogeneous systems. the heat
fluxes f(x , p , t ) of the atoms , viz. the paper deals with the thermodynamics of a non

- degenerate gas. in the non - relativistic limit,

FACTORSUM - fixed budget and BigBird content guidance
Tokens: 190; ROUGE-1: 44.67; ROUGE-2: 12.75; ROUGE-L: 42.64

it is then a simple problem of linear algebra to prove that the entropy density h = ha
is concave as a function of f. the pulse speed problem is one of the most important
questions in thermodynamics , but it is a question that can be answered , and has to be
answered. it is possible , and indeed common , to make a specific choice for the fields
u and the concavity postulate is contingent upon that choice. the first moments in the
kinetic theory of gases are obtained from a homogeneous system where the accelera-
tion waves and their speeds of propagation are to be calculated from the homogeneous
systems. we derive a set of thermodynamic processes fora, a, b, ¢, and d. in this pa-
per , we review the recent developments in non - relativistic kinetic theory. this paper
presents the results of an investigation of the non - degenerate gases in the system. we
conclude that no paradox of infinite speeds can arise in extended thermodynamics. in

the non - relativistic limit ,

Table A.8: Summaries generated by FACTORSUM for a sample from PubMed test set
(ID = 1475). Reference abstract is presented in Table A.7.
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Reference abstract (Tokens: 157)

the metrization of the space of neural responses is an ongoing research program seek-
ing to find natural ways to describe , in geometrical terms , the sets of possible activities
in the brain . one component of this program are the _ spike metric , notions of dis-
tance between two spike trains recorded from a neuron . alignment spike metrics work
by identifying *“ equivalent ” spikes in one train and the other . we present an align-
ment spike metric having @xmathO underlying geometrical structure ; the @xmath1
version is euclidean and is suitable for further embedding in euclidean spaces by multi-
dimensional scaling methods or related procedures . we show how to implement a fast
algorithm for the computation of this metric based on bipartite graph matching theory
. @xmath2center for studies in physics and biology , rockefeller university , new york

ny @xmath3harvard faculty of arts and sciences , cambridge ma

BigBird summary
Tokens: 89; ROUGE-1: 28.71; ROUGE-2: 3.00; ROUGE-L: 22.77

we propose a spike metric that is consistent with the time - coding hypothesis of
spike generation and has all of the desirable properties of an @xmathO norm . when
@xmathl , this metric is equal to the victor - purpura metric @xcite . when @xmath2
, this metric is equal to the hungarian algorithm @xcite , @xcite , @xcite . when

@xmath3 , this metric is equal to the monge algorithm @xcite , @xcite , @xcite .

Table A.9: Sample summaries from the arXiv test set (ID = 5946).



120 Appendix A. Additional Results and Implementation Details

FACTORSUM - Fixed budget and Lead content guidance
Tokens: 165; ROUGE-1: 42.51; ROUGE-2: 6.32; ROUGE-L: 38.33s

we consider the problem of finding a minimum weight matching on a bipartite graph
such that each edge of the graph has a weight or cost. the value of the metric between
two spike trains is the @xmathO norm of the difference between their estimated rate
functions . this metric preserves the integrity of individual spikes instead of viewing
them as contributions to a rate function . we present a spike metric satisfying two
important desiderata : that it be grounded in the time - coding hypothesis of spike
generation , and that it is closely related to the euclidean @xmathl norm . our proof
uses the tools of graph theory and combinatorial optimization , and demonstrates that
they can be usefully brought to bear on problems in computational biology. the cost
of aligning two spikes on different trains is @xmath(Q. we present a new metric for

comparing two spike trains , which we call the hungarian metric.

FACTORSUM - Fixed budget and BigBird content guidance
Tokens: 150; ROUGE-1: 41.61; ROUGE-2: 5.88; ROUGE-L: 38.69

we present a spike metric satisfying two important desiderata : that it be grounded in
the time - coding hypothesis of spike generation , and that it is closely related to the
euclidean @xmathl norm . the value of the metric between two spike trains is the
@xmathQ norm of the difference between their estimated rate functions . the hungar-
ian algorithm is a special case of algorithms to solve general matching problems and
assignment problems. the metric is equal to the sum of the costs incurred by the most
efficient alignment. we consider the problem of finding a minimum weight matching
on a bipartite graph such that each edge of the graph has a weight or cost. we present
a new metric for comparing two spike trains , which we call the hungarian metric. our

metric is a minimization over all possible matchings .

Table A.10: Summaries generated by FACTORSUM for a sample from arXiv test set (ID

= 5946). Reference abstract is presented in Table A.9.
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Reference abstract (Tokens: 145)

in this paper we discuss the chemical evolution of elliptical galaxies and its conse-
quences on the evolution of the intracluster medium ( icm ) . we use chemical evolu-
tion models taking into account dark matter halos and compare the results with pre-
vious models where dark matter was not considered . in particular , we examine the
evolution of the abundances of some relevant heavy elements such as oxygen , mag-
nesium and iron and conclude that models including dark matter halos and an initial
mass function ( imf ) containing more massive stars than the salpeter ( 1955 ) imf ,
better reproduce the observed abundances of mg and fe both in the stellar populations
and in the icm ( asca results ) . we also discuss the origin of gas in galaxy clusters and

conclude that most of it should have a primordial origin .

BigBird summary
Tokens: 109; ROUGE-1: 36.21; ROUGE-2: 9.57; ROUGE-L: 28.45

we discuss a model for the chemical evolution of elliptical galaxies in which super-
novae ( sne)-driven galactic winds play an important role in the formation of these
objects . in this model the star formation is assumed to stop after the occurrence of
the galactic wind and the galaxy evolves passively thereafter . the star formation is
assumed to stop after the occurrence of the galactic wind and the galaxy evolves pas-
sively thereafter . the model includes the most recent ideas on sn progenitors and
nucleosynthesis , indicating that sne ia originate from long living stars whereas sne of

type ii originate from short living stars .

Table A.11: Sample summaries from the arXiv test set (ID = 6213).
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FACTORSUM - fixed budget and Lead content guidance
Tokens: 159; ROUGE-1: 43.73; ROUGE-2: 12.27; ROUGE-L: 39.43

this is a very strong conclusion since it implies a very fast process for the formation of
big ellipticals at variance with the hierarchical clustering scenario for galaxy formation.
we show how abundance ratios in stellar populations and gas in ellipticals can be used
to constrain the amount and concentration of dark matter in these objects. in order to
reproduce realistic galaxies , namely with the right colors and luminosities. we discuss
the chemical evolution of elliptical galaxies in the framework of a simple model based
on the idea that the efficiency of star formation should be inversely proportional to the
dynamical timescale. we find that the efficiency of star formation in elliptical galaxies
is inversely proportional to the dynamical timescale. in particular , we show that it is
not possible to explain the increase of the [ mg / fe ] ratio in the nuclei of ellipticals as

a function of galactic luminosity.

FACTORSUM - fixed budget and BigBird content guidance
Tokens: 147; ROUGE-1: 43.70; ROUGE-2: 14.93; ROUGE-L: 39.26

we discuss the chemical evolution of elliptical galaxies in the framework of a simple
model based on the idea that the efficiency of star formation should be inversely pro-
portional to the dynamical timescale. in particular , we show that the efficiency of star
formation increases with the total mass of the galaxy and that the more massive galax-
ies develop a galactic wind before the less massive ones. we show that the presence
of dark matter in elliptical galaxies plays a crucial role in determining the onset and
the entity of galactic winds. in this paper we discuss the possibility of an inverse wind
scenario for the formation of elliptical galaxies. the model includes the most recent
ideas on sn progenitors and nucleosynthesis , indicating that sne ia originate from long

living stars whereas sne of type ii originate from short living stars.

Table A.12: Summaries generated by FACTORSUM for a sample from arXiv test set (ID

= 6213). Reference abstract is presented in Table A.11.
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Reference abstract (Tokens: 474)

Congress frequently faces questions about whether and how to commemorate people and events
that have influenced the nation’s history. Congress often has chosen to do so by establishing
national memorials or by conferring a national designation on existing state, local, or private
memorials. The National Park Service (NPS) defines national memorials within the National
Park System as “’primarily commemorative” works that need not be at sites historically associ-
ated with their subjects. The Commemorative Works Act (CWA; 40 U.S.C. §§8901-8910) was
enacted to govern the establishment process for memorials located in the District of Columbia
(Washington, DC) or its environs that are under the jurisdiction of the NPS or the General
Services Administration. The CWA includes provisions related to memorial location, design,
construction, and perpetual maintenance. Memorials in Washington, DC, include those with
the word national in the name and those that are essentially national memorials but do not bear
that title. For memorials outside the District of Columbia, no specific law or set of regulations
governs their establishment. Congress has established a number of federally administered na-
tional memorials throughout the nation, most often as units of the National Park System but
also under management of other federal agencies. Various nonfederal entities undertaking
commemorative efforts also have petitioned Congress for assistance or statutory recognition,
and some individual memorial organizers have titled their works as national memorials without
congressional recognition. To clarify options for Congress when considering commemoration
of individuals, groups, and events through memorials, this report discusses several types of
congressional involvement in memorials outside the District of Columbia. For purposes of
the report, these are characterized as high federal involvement (e.g., congressional establish-
ment of a national memorial under federal agency administration); medium federal involve-
ment (e.g., congressional authorization for a memorial to be located on federal property or to
receive federal funds); low federal involvement (e.g., statutory recognition without additional
federal support); and no federal involvement (e.g., a self-declared national memorial). The
report provides examples of memorials of each type and discusses some options for Congress,
with regard to both individual memorial designations and consideration of whether to sys-
tematize criteria for memorials outside Washington, DC, similar to the CWA’s provisions for
District of Columbia memorials. Because this report focuses specifically on memorials outside
the District of Columbia, please see CRS Report R41658, Commemorative Works in the Dis-
trict of Columbia: Background and Practice, by Jacob R. Straus, for discussion of memorials

governed by the CWA in Washington, DC, and its environs.

Table A.13: Sample abstract from the GovReport test set (ID = 681). Model predictions

are presented in the next pages.
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BART-large summary
Tokens: 390; ROUGE-1: 56.11; ROUGE-2: 19.38; ROUGE-L: 54.23

Virtually all societies attempt to remember and memorialize individuals, groups, and
events as part of the preservation of shared rhetoric and history. In the United States,
there are hundreds, and possibly thousands, of commemorative works to commemorate
such events. Decisions about which places to commemorate are made by many differ-
ent entities, including Congress, federal agencies, state and local governments, and
private citizens, among others. Some memorials receive federal involvement, while
others do not. For example, for memorials on federal land in the District of Columbia,
the Commemorative Works Act (CWA) requires that Congress authorize the creation
of a new memorial. No systematic law or set of regulations governs the establish-
ment of memorials outside Washington, DC. However, Congress also has established
or recognized numerous memorials nationwide, and some have been designated by the
executive branch. Federal agencies may be classified as "high,” "medium,” "low,” or
“none.” Memorials with high federal involvement typically are located on U.S. federal
land; receive federal funds for design, construction, and maintenance; and are managed
by federal agencies. These include memorials established by Congress as units of the
National Park System or under the administration of another agency. Other memorials
with no federal involvement are those that do not receive any direct federal involvement
(i.e., memorials designated by Congress but not administered by a federal agency).
Congress, executive branch officials, and other interested parties may place plaques,
memorials, and similar works at federal sites in remembrance of a person, group, or
event. or on nonfederal land. The National Park Service (NPS) and the General Ser-
vices Administration (GSA) maintain some of the nation’s largest memorials. NPS
provides assistance to other federal agencies with assistance in managing memorials
located on its lands, including NPS-designated "NPS-affiliated areas.” Other agencies,
primarily the Army and Air Force, have similar relationships with NPS affiliated areas.
Congress has appropriated funds to both NPS and GSA to help fund memorials created

on the lands they manage.

Table A.14: Summary generated by BART for a document from GovReport test set (ID

= 681). Reference summary is presented in Table A.13.
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FACTORSUM - fixed budget and Lead content guidance
Tokens: 548; ROUGE-1: 63.37; ROUGE-2: 24.77; ROUGE-L: 57.30

Beyond these federally endorsed memorials, a wide variety of other entities have established and main-
tained memorials throughout the country with no federal connection, including some titled as ’national
memorials,’In the United States, there are hundreds, and possibly thousands, of memorials to various in-
dividuals, groups, and events. Decisions about which people, groups, or events to memorialize are made
by many different entities, including Congress, federal agencies, state and local governments, and pri-
vate citizens, among others. For example, the CWA governs the establishment of memorials on federal
lands in the District of Columbia, with provisions for the creation, design, construction, and maintenance
of such works. In other areas, various laws, regulations, and policies may provide for different groups
and governments to decide what should be commemorated and how. For certain types of commem-
orations, Congress has taken a more systematized approach. No systematic law or set of regulations
governs the establishment of memorials outside Washington, DC. ,Some of these memorials include
multiple facilities such as a visitor center or kiosk in addition to the primary commemor For example,
the George Washington Masonic National Memorial in Alexandria, VA, and the National Memorial for
Peace and Justice in Montgomery, AL, are privately established and maintained. In some cases, memo-
rials located outside of the District of Columbia have been called “national” memorials without being so
designated by Congress, such as through the establishment of a program to identify nonfederal memo-
rials deserving of a national designation. A distinction is drawn between memorials located within and
outside of Washington, DC, because of the exclusive role the CWA gives Congress to authorize new
memorials on federal land in the District of Columbia, and the role of federal agencies—primarily the
National Park Service (NPS) and the General Services Administration (GSA)—in maintaining District-
based memorials once dedicated. This report considers the extent of federal involvement in memorials
located outside the District of Columbia. Congress also could potentially consider a program to provide
grants to nonfederal entities for constructing and/or maintaining national memorials outside of Wash-
ington, DC. While many such works are established without federal involvement, Congress also has
established or recognized numerous memorials nationwide, and some have been designated by the ex-
ecutive branch. For purposes of this report, federal involvement in memorials outside the District of
Columbia may be classified as "high,” “medium,” ”low,” or “none.” For example, P. L. Other variations
of federal-nonf For a discussion of the process for creating a new NPS unit and associated issues, see
CRS Report RS20158, National Park System: Establishing New Units. Legislation designating these
national memorials often includes explicit language stating that the memorial is not an NPS unit and
that federal funds shall not be provided for the memorial. In some instances, Congress authorizes a

memorial to be created on federal land and administered by a federal agency.

Table A.15: FACTORSUM summary with BART content guidance for a document from

GovReport test set (ID = 681). Reference summary is presented in Table A.13.
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FACTORSUM - fixed budget and BART-large content guidance
Tokens: 548; ROUGE-1: 63.37; ROUGE-2: 24.77, ROUGE-L: 57.30

In other areas, various laws, regulations, and policies may provide for different groups and govern-
ments to decide what should be commemorated and how. Beyond these federally endorsed memorials,
a wide variety of other entities have established and maintained memorials throughout the country with
no federal connection, including some titled as “national memorials,’In the United States, there are
hundreds, and possibly thousands, of memorials to various individuals, groups, and events. Decisions
about which people, groups, or events to memorialize are made by many different entities, including
Congress, federal agencies, state and local governments, and private citizens, among others. This report
considers the extent of federal involvement in memorials located outside the District of Columbia. For
example, the CWA governs the establishment of memorials on federal lands in the District of Columbia,
with provisions for the creation, design, construction, and maintenance of such works. No systematic
law or set of regulations governs the establishment of memorials outside Washington, DC. In some
cases, memorials located outside of the District of Columbia have been called ’national” memorials
without being so designated by Congress, such as through the establishment of a program to identify
nonfederal memorials deserving of a national designation. For purposes of this report, federal involve-
ment in memorials outside the District of Columbia may be classified as "high,” “medium,” ’low,” or
“none.” Legislation designating these national memorials often includes explicit language stating that
the memorial is not an NPS unit and that federal funds shall not be provided for the memorial. For a
discussion of the process for creating a new NPS unit and associated issues, see CRS Report RS20158,
National Park System: Establishing New Units. While many such works are established without federal
involvement, Congress also has established or recognized numerous memorials nationwide, and some
have been designated by the executive branch. For certain types of commemorations, Congress has
taken a more systematized approach. Congress also could potentially consider a program to provide
grants to nonfederal entities for constructing and/or maintaining national memorials outside of Wash-
ington, DC. A distinction is drawn between memorials located within and outside of Washington, DC,
because of the exclusive role the CWA gives Congress to authorize new memorials on federal land in the
District of Columbia, and the role of federal agencies—primarily the National Park Service (NPS) and
the General Services Administration (GSA)—in maintaining District-based memorials once dedicated.
,Some of these memorials include multiple facilities such as a visitor center or kiosk in addition to the
primary commemor For example, the George Washington Masonic National Memorial in Alexandria,
VA, and the National Memorial for Peace and Justice in Montgomery, AL, are privately established
and maintained. In some instances, Congress authorizes a memorial to be created on federal land and

administered by a federal agency. For example, P. L. Other variations of federal-nonf

Table A.16: Summary generated by FACTORSUM with BART content guidance for a
document from GovReport test set (ID = 681). Reference summary is presented in Ta-
ble A.13. Note that this summary uses the same set of summary views as FACTORSUM

with Lead content guidance in Table A.15, just changing their presentation order.
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A.5 Sample Summaries for LLM Summarizers

In Tables A.23 to A.22, we provide sample summaries for the MuP, arXiv, PubMed,

and eLife datasets, generated by models presented in chapter 4.

Reference Abstract: We extend the scalar sector of the neutrinophilic two-Higgs-doublet
model, where small masses of Dirac neutrinos are obtained via a small vacuum expectation
value of the neutrinophilic -doublet scalar field which has a Yukawa interaction with only
right-handed neutrinos. A global symmetry is used for the neutrinophilic nature of the second
-doublet scalar field and also for eliminating Majorana mass terms of neutrinos. By virtue of an
appropriate assignment of the -charges to new particles, our model has an unbroken symmetry,
under which the lightest -odd scalar boson can be a dark matter candidate. In our model, is
generated by the one-loop diagram to which -odd particles contribute. We briefly discuss a

possible signature of our model at the LHC.

Prompt: Write a summary of the article above in 6 sentences.

Write in first person “we” when applicable.

LLAMA-2: We present a new model for the origin of neutrino masses, which is based on the
neutrino Yukawa coupling and the Higgs mechanism. We extend the Standard Model with
a new scalar field, which is a singlet under the SM gauge group and has a non-zero yukawa
coupling to neutrinos. This new scalar field generates neutrino masses through the Higgs mech-
anism, and its vev generates a small neutrino mass matrix. We show that the scenario of spon-
taneous breaking of the @xmath2 symmetry is not allowed by the measurement of the invisible
decay of the @xmath30 boson. We also discuss the possibility of dark matter candidates being

involved in the loop diagram, which can generate a small vev for the new scalar field.

GPT-3.5: The article discusses the possibility that neutrinos may not be Majorana fermions
but instead Dirac fermions. The neutrinophilic two Higgs doublet model is introduced as a
new physics model where neutrinos are regarded as Dirac fermions. This model explains the
smallness of neutrino masses by a tiny vacuum expectation value of the neutrinophilic scalar
without extremely small yukawa coupling constants for neutrinos. The article extends the neu-
trinophilic two Higgs doublet model to introduce a dark matter candidate, which may suppress
the soft-breaking parameter by extending the model. The new particle discovered at the LHC is
likely to be the SM Higgs boson, and may provide information on the origin of particle masses.
Collider experiments can test the predictions of this model, which could not be spoiled by cer-

tain assumptions.

Table A.17: Sample summaries for Kanemura et al., 2013 (arXiv test set).


https://www.sciencedirect.com/science/article/pii/S0370269313007922
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Reference Abstract

This study examines the composition and activity of the planktonic community during
the polar night in the high Arctic Kongsfjord, Svalbard. Our results are the first pub-
lished evidence of bioluminescence among zooplankton during the Arctic polar night.
The observations were collected by a bathyphotometer detecting bioluminescence, in-
tegrated into an autonomous underwater vehicle, to determine the concentration and
intensity of bioluminescent flashes as a function of time of day and depth. To further
understand community dynamics and composition, plankton nets were used to col-
lect organisms passing through the bathyphotometer along with traditional vertical net
tows. Additionally, using a moored bathyphotometer closed to the sampling site, the
bioluminescence potential itself was shown not to have a diurnal or circadian rhythm.
Rather, our results provide evidence for a diel vertical migration of bioluminescent
zooplankton that does not correspond to any externally detectable changes in illumi-

nation.

Prompt: Write a abstract for the article above in 8 sentences.

Write in first person “we” when applicable.

LLAMA-2 Summary

We conducted a study on plankton distribution and bioluminescence in the polar night
at Kongsfjorden, Svalbard, during January 2010. We used a remotely operated vehicle
(ROV) equipped with bioluminescence, depth, and temperature sensors to collect data
on plankton abundance and distribution. Our results showed that bioluminescence po-
tential was detected throughout the water column, with higher intensity at depth during
the day and increased surface bioluminescence at night. We found significant differ-
ences in acoustic backscatter coefficients between day and night, indicating the pres-
ence of zooplankton migration. Our plankton enumerations showed an increase in the
majority of the most abundant zooplankton taxa at night, including Pseudocalanus spp.,
which are known to be present throughout the year in this region. We also found that
Metridia lucens, Metridia longa, Oncaea borealis, Thysanoessa inermis, and Thysa-
noessa longicaudata likely contributed to the increase in high-intensity bioluminescent
flashes at 15 and 45 m during the night. Our results suggest that there is a coordinated

movement of biomass indicative of vertical migration in this region.

Table A.18: LLAMA-2 summary for Berge et al., 2012 (PubMed test set).


https://pubmed.ncbi.nlm.nih.gov/24489409/
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GPT-3.5 Summary

The article discusses the importance of bioluminescence and other adaptations in ma-
rine environments. Bioluminescence has evolved independently over 40 times and
has various functions including defensive functions such as counter-illumination and
burglar alarm and offensive mechanisms such as prey attraction and intra-specific com-
munication. Some adaptations involve entering a dormant state and overwintering at
depth, such as seen in the copepods calanus glacialis and c. hyperboreus. The study
aimed to characterize plankton abundance and distribution patterns during a time of
year rarely studied, using vertical net tows and autonomous underwater vehicle (AUV)
surveys. The AUV was fitted with upward and downward facing RD instruments, a
CTD, and a bioluminescence bathyphotometer. The data collected off the coast of
Svalbard showed bioluminescence was detected throughout the water column both
day and night, and higher bioluminescence was present at depth during the day and
increased surface bioluminescence at night. Vertical net hauls showed that there was
an increase above 60 meters in the majority of the most abundant zooplankton taxa at
night, indicating dvm. Lastly, plankton enumerated from the ; 20m net collection of
the bp exhaust suggests that during the day, the greatest biomass occurred at 45m and
was dominated by copepod nauplii, copepod eggs, and the tintinnid acantostomella

norvegica.

Table A.19: GPT-3.5 summary for Berge et al., 2012 (PubMed test set). Reference

summary is shown in Table A.18.


https://pubmed.ncbi.nlm.nih.gov/24489409/
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Reference Lay Summary

Imagine a gymnastics competition in which participants take turns to cartwheel and
somersault across the floor. The routines on display comprise sequences of precisely
timed movements learned through practice. This is also true for many of the actions
we perform every day, such as reaching for a cup of coffee. A region of the brain called
the cerebellum helps us learn sequences of movements. But how does it do this? To
find out, Khilkevich et al. came up with a new version of an old experiment. Rabbits
were first trained to blink their eye in response to a specific external cue. This type
of learning, called associative learning, has been shown before in the cerebellum. But
Khilkevich et al. wondered whether the cerebellum could also use internal feedback
signals from the eyeblink as a cue to learn the next movement? If so, this might ex-
plain how the cerebellum can chain movements together in a sequence. As predicted,
Khilkevich et al. found that rabbits could learn to blink their eye in response to an
initial signal, and then blink again in response to the first blink. Control experiments
confirmed that the second eyeblink was coupled to the first, and not to the original cue.
Moreover, on many trials the rabbits showed a third and even fourth eyeblink. This
is because feedback signals from the first, second or third blink were the same. Thus,
the feedback signals from the first blink triggered the second blink, feedback from the
second triggered the third, and so forth. Rabbits could also learn to use a blink of the
left eye as a cue for a blink of the right eye. Similar patterns of neuronal activity ac-
companied each blink, suggesting that the same mechanism generated them all. The
cerebellum can thus use feedback from one movement as a cue to learn the proper tim-
ing of the next movement in a sequence. A key question is whether this mechanism of
sequence learning extends beyond movement. The cerebellum has extensive connec-
tions to the brain’s outer layer, the cortex, including many areas involved in cognition.
Future experiments should test whether the cerebellum might help guide sequences of

cortical activity during cognitive tasks.

Table A.20: GPT-3.5 summary for Khilkevich et al., 2018 (eLife test set).


https://elifesciences.org/articles/37443
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GPT-3.5 Summary

Prompt: Write a summary of the article above in 14 sentences.

The article focuses on how the cerebellum, which is responsible for accurate movement
execution and learning, can learn and execute movement sequences. Previous studies
have shown that cerebellar pathology leads to severe deficits in the execution and learn-
ing of sequences. To test the sufficiency of feedback signals from a movement as a cue
for the next component in a sequence, the researchers trained rabbits using electrical
stimulation of mossy fibers as a cue. Once subjects acquired a sequence of condi-
tioned eyelid responses, the researchers tested whether the feedback information about
the first component is sufficient for the cerebellum to use it as a new “CS” to learn the
subsequent CR. The results show that the cerebellum can learn to chain together a se-
quence of inter-connected movement components by using feedback signals from one
component to serve as a cue for the next component in the sequence. In vivo record-
ings from cerebellar cortex showed that Purkinje cell activity relates as strongly to
sequences as it relates to single-component eyelid responses. The experiments suggest
that the feedback signals are strong enough to serve as cues for the cerebellum to learn
subsequent movements. The authors suggest that cerebellar mechanisms of learning
single movement components can be extended to learning of movement sequences,
providing a general framework for how the cerebellum can use feedback signals to
learn to chain together correctly timed responses to produce a movement sequence.
The researchers emphasize that most human movements are comprised of sequences,
and movement sequences as well as multi-joint movements are sensitive to cerebellar
dysfunction. The article provides insights into how researchers can improve the treat-

ment of movement disorders involving the cerebellum.

Table A.21: GPT-3.5 summary for Khilkevich et al., 2018 (eLife test set).


https://elifesciences.org/articles/37443
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Prompt: Write a summary of the article above in 14 sentences.

LLAMA-2 Summary

Most movements are composed of sequences, and the cerebellum is involved in learn-
ing and executing accurate movements. The cerebellum has been linked to learning
and execution of movement sequences, and studies have shown that cerebellar dys-
function can lead to deficits in sequence learning or the inability to learn sequences at
all. However, most of what we know about cerebellar mechanisms of learning comes
from studies using single-component movements. Three possible ways of implement-
ing cerebellar learning of movement sequences have been proposed, and one of these
ways involves the use of feedback signals from one movement component to learn the
next component. To test the hypothesis that the cerebellum can use feedback signals
from a movement to learn the next movement in a sequence, researchers trained rabbits
using electrical stimulation of mossy fibers as a cue. The cerebellum can learn to chain
together a sequence of interconnected movement components by using feedback sig-
nals from one component to serve as a cue for the next component in the sequence. The
design of most experiments does not permit distinguishing between different possibil-
ities of sequence learning, but the use of eyelid conditioning to test the sufficiency of
feedback signals (FS) for sequence learning provided direct evidence that the cerebel-
lum can learn to use FS to chain together movement components. In the experiment,
the first movement was a conditioned eyelid response (CR) elicited by a sensory stim-
ulus, and the second movement was a sequence of movements produced by the same
muscle or different muscle groups used for the different components of the sequence.
The results showed robust learning of later components, including sequences of move-
ments produced by the same muscle and sequences with different muscle groups used
for the different components. The in vivo recordings from cerebellar cortex showed
that Purkinje cell activity related as strongly to the latter components of sequences as
it has been shown to relate to single-component eyelid responses. These findings pro-
vide a general framework for how the cerebellum can use feedback signals to learn to
chain together appropriately timed responses to produce a movement sequence. The
results demonstrate the importance of cerebellar learning mechanisms in mediating the
acquisition of movement sequences and suggest that the cerebellum can use feedback

signals from a movement to learn the next movement in a sequence.

Table A.22: LLAMA-2 summary for Khilkevich et al., 2018 (eLife test set).
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Human 1 (Reference): This paper presents a fast method for solving certain classes of optimal control
problems, by implementing a value iteration (VI) algorithm that takes advantage of convex duality. The
basic idea is to take advantage of the fact that for two functions fi, f2, we have (fi0/%)* = fi + f5,
where f* denotes the Legendre-Fenchel transform of f, and (f100f2)(x) = inf{f; (x1) + f2(x2) : x1 +x2 =
x} denotes the infimal convolution of fi, f. Thus, the slow inf operation can be replaced with a fast
addition operation. The paper provides analyses of the convergence, time complexity, and error of the
algorithm. When compared to a “naive” VI algorithm in which each iteration takes O(XU) (where X, U
are the grid sizes of the state and input spaces, respectively), the algorithm presented in this paper can

achieve O(X + U). Finally, the paper provides a numerical example implemented in MATLAB.

Human 2: The paper develops an approximate value iteration method for an infinite-horizon,
discounted-cost Markov Decision Processes (MDPs) that satisfy a given set of regulatory assumptions.
The idea is to work on a dual space that replaces the DP value function by a reformulation written in
terms of biconjugate operations. The authors present an algorithm that applies the conjugate operators
iteratively, and present convergence and other structural results associated with the resulting errors. Nu-
merical results compare the proposed approach against a traditional value iteration and a variant that

generated dynamic discretization grids.

Prompt: Write a summary of the article above in 4 sentences.

LLAMA-2: The article discusses the problem of optimal control of continuous-state systems with
discrete-time dynamics and stochastic cost. The authors propose a new algorithm, called Conjugate
Value Iteration (ConjVI), which combines the power of the DP operator with the efficiency of discrete-
time methods to solve this problem. ConjVI is based on a modified version of the Discrete Dual Domain
(d-CDP) operator, which allows for a more efficient computation of the value function. The authors
provide theoretical guarantees on the convergence of ConjVI and analyze its error, showing that it can
achieve a linear time complexity of O(X+U) in each iteration, where X and U are the cardinalities of the

discrete state and input spaces, respectively.

GPT-3.5: Value iteration (VI) is an algorithm used for problems in reinforcement learning (RL) and
optimal control formulated as Markov decision processes (MDPs). However, VI suffers from a high
computational cost for large-scale finite state spaces. A solution to this problem is to incorporate func-
tion approximation techniques and compute the output of the DP operator for a finite sample of the
underlying continuous state space. The article proposes the conjugate VI (ConjVI) algorithm based on
a modified version of the d-CDP operator that extends existing results in three directions for solving

optimal control problems of discrete-time systems with a continuous state-input space.

Table A.23: Sample summaries for Kolarijani et al., 2021 (MuP validation set).
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