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Language generation that neglects structure is like sand
in the desert wind, scattered and shapeless. With

structure, it becomes like trees in a forest, rooted,
branching, and richly layered.
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Abstract

This dissertation investigates discourse-level challenges in text generation tasks where
the input is lengthy, evidence is structurally fragmented, or relevant information needs
to be retrieved from external sources. While mainstream neural generation systems tend
to produce fluent outputs at the sentence level, they frequently encounter difficulties in
maintaining balanced content selection, preserving inter-paragraph coherence, and sus-
taining a logical argumentative flow across longer spans. To address these limitations,
this dissertation conceptualizes discourse structure as a source of prior knowledge that
can be explicitly modeled and effectively utilized. This dissertation explores a progres-
sive trajectory that spans the development of structural representations and their integra-
tion methods, the transition from full fine-tuning to parameter-efficient adaptation, the
shift from purely textual input to multimodal evidence, the extension from expert-written
summaries to layperson-accessible explanations, and the application of discourse mod-
eling to retrieval-augmented generation where retrieved evidence lacks explicit rhetor-
ical connections. This trajectory aims to enhance the operability and controllability of

discourse signals across summarization and retrieval-augmented generation systems.

In long-document summarization settings, the dissertation adopts Rhetorical Struc-
ture Theory (RST) as the principal discourse framework, emphasizing the importance
of two key aspects: relation types and structural uncertainty. On the one hand, different
discourse relations imply distinct preferences regarding what to retain or omit; relying
solely on nucleus—satellite centrality while ignoring relation types fails to capture the se-
mantic rationale behind inter-sentential connections. On the other hand, automatic dis-
course parsing is prone to errors in out-of-domain settings, and injecting a single parse
tree as a hard constraint can amplify these errors during training and entrench them in
the model’s generation behavior. To mitigate this, the dissertation proposes distributed
representations that preserve parsing uncertainty by transforming discrete tree structures

into probabilistic tensors or matrices aligned with neural computation. These soft sig-



nals are then injected into attention mechanisms or parameter update paths as flexible
guidance.

As the form of evidence expands from text to multimodal inputs, end-to-end gen-
eration becomes incapable of reproducing the characteristic discourse organization of
target summary genres. To address this issue, this dissertation constructs and releases
a large-scale aligned dataset for scientific presentation videos and benchmarks multiple
multimodal large models under varying fine-tuning settings. This dissertation further in-
troduces planning as an explicit intermediate variable, representing the latent structure of
summaries through ordered sequences of questions. In the context of layperson-oriented
summarization, this dissertation incorporates explanatory content as a controllable ob-
jective. This dissertation identifies explanatory units and their targets via discourse
parsing and transforms implicit questions into explicit plans to guide the emergence
and functional placement of explanations. To address the evaluation challenge posed
by helpful external additions being misclassified as hallucinations, this dissertation pro-
poses an improved consistency metric based on external knowledge verification, com-
plemented by human evaluation. Beyond the summarization settings explored above,
this dissertation extends discourse structure modeling to retrieval-augmented genera-
tion (RAG). The proposed framework constructs local RST trees within each retrieved
chunk to capture intra-chunk discourse hierarchy and infers a directed rhetorical graph
across chunks to model inter-chunk relations such as support, contrast, and elaboration.
A discourse-driven planning module then synthesizes these structural signals into an
ordered blueprint that guides the final generation.

In summary, this dissertation presents a coherent path from distributed discourse
signals to plan-based intermediate structures, and extends these principles to the orga-
nization of retrieved evidence in retrieval-augmented generation. Under various con-
straints, including long inputs, limited fine-tuning capacity, multimodal evidence, and
structurally disconnected retrieved passages, explicit modeling of organizational deci-
sions consistently enhances controllability and factual reliability. This work contributes
reusable data resources, modeling strategies, and evaluation frameworks that support

future research on discourse-guided text generation.

Keywords: Long Input Summarization; Retrieval-Augmented Generation; Rhetorical

Structure Theory; Question under Discussion.



Zusammenfassung

Diese Doktorarbeit untersucht diskursbezogene Herausforderungen in Textgenerierungs-
aufgaben, bei denen die Eingabe sehr lang ist, die Evidenz strukturell fragmentiert vor-
liegt oder relevante Informationen zunichst aus externen Quellen abgerufen werden
missen. Wahrend gédngige neuronale Generierungssysteme auf Satzebene meist fliissi-
ge Ausgaben erzeugen, haben sie hdufig Schwierigkeiten, eine ausgewogene Inhaltsaus-
wabhl sicherzustellen, die Kohdrenz zwischen Absétzen zu bewahren und iiber ldngere
Textspannen hinweg einen logisch konsistenten argumentativen Textverlauf aufrechtzu-
erhalten. Um diesen Einschrankungen zu begegnen, konzeptualisiert diese Doktorarbeit
Diskursstruktur als eine Quelle von Vorwissen, die explizit modelliert und gezielt nutz-
bar gemacht werden kann. Sie zeichnet eine Entwicklung nach, die vom Aufbau struk-
tureller Reprisentationen und ihrer Integration in Modelle iiber den Ubergang vom voll-
standigen Fine-Tuning zur parametereffizienten Anpassung, den Wechsel von rein text-
basierten zu multimodalen Eingaben sowie die Erweiterung von expert:innenverfassten
Zusammenfassungen hin zu fiir Laien zugdnglichen Erkldrungen bis zur Anwendung
der Diskursmodellierung auf Retrieval-gestiitzte Generierung reicht, bei der identifizier-
te Quellen keine expliziten rhetorischen Verkniipfungen aufweist. Diese Entwicklung
zielt darauf ab, die Operationalisierbarkeit und Kontrollierbarkeit von Diskurssignalen
in Zusammenfassungs- und Retrieval-gestiitzten Generierungssystemen zu verbessern.
Im Kontext der Zusammenfassung langer Dokumente verwendet die Doktorarbeit
die “Rhetorical Structure Theory” (RST) als zentralen diskurstheoretischen Ansatz und
betont die Bedeutung zweier Kernaspekte: der Relationstypen und der strukturellen Un-
sicherheit. Zum einen implizieren unterschiedliche Diskursrelationen unterschiedliche
Préferenzen dafiir, was in einer Zusammenfassung beibehalten oder weggelassen werden
sollte; eine ausschlieBliche Orientierung an der Zentralitdt von “nucleus”-und “satellite”-
Einheiten unter Ausblendung der Relationstypen erfasst die semantische Motivation

intersentenzieller Verkniipfungen nicht hinreichend. Zum anderen ist die automatische



Diskursanalyse in fachfremden Anwendungsbereichen fehleranfillig, und das Einbrin-
gen eines einzelnen Analysebaums als harte Vorgabe kann diese Fehler wihrend des
Trainings verstirken und sie im Generationsverhalten des Modells verfestigen. Um dem
entgegenzuwirken, schldgt die Doktorarbeit verteilte Représentationen vor, die die Un-
sicherheit der Diskursanalyse bewahren, indem diskrete Baumstrukturen in probabilis-
tische Tensoren oder Matrizen iiberfiihrt werden, die auf neuronale Berechnung abge-
stimmt sind. Diese weichen Signale werden anschlieBend als flexible Leitinformatio-
nen in Aufmerksamkeitsmechanismen oder in Pfade der Parameteraktualisierung einge-
bracht.

Mit der Ausweitung der zugrundeliegenden Daten von Text auf multimodale Einga-
ben sind end-to-end Generierungsansétze nicht mehr in der Lage, die charakteristische
Diskursorganisation der Zielgattungen von Zusammenfassungen zuverldssig zu repro-
duzieren. Um dieses Problem zu adressieren, erstellt und verdffentlicht diese Doktor-
arbeit einen grof} angelegten, zeitlich alignierten Datensatz fiir wissenschaftliche Vor-
tragsvideos und vergleicht mehrere multimodale grof3e Modelle unter unterschiedlichen
Fine-Tuning-Einstellungen systematisch miteinander. Dariiber hinaus fiihrt die Doktor-
arbeit Planung als explizite Zwischenvariable ein, die die latente Struktur von Zusam-
menfassungen durch geordnete Folgen von Fragen représentiert. Im Kontext laienori-
entierter Zusammenfassungen integriert diese Doktorarbeit erklédrende Inhalte als steu-
erbares Ziel. Sie identifiziert Erklarungseinheiten und ihre Zielobjekte mittels Diskurs-
analyse und {iberfiihrt implizite Fragen in explizite Pline, um das Entstehen und die
funktionale Platzierung von Erkldrungen gezielt zu steuern. Um die Evaluationsheraus-
forderung zu adressieren, dass hilfreiche externe Ergidnzungen filschlich als Halluzina-
tionen klassifiziert werden, schldgt diese Doktorarbeit eine verbesserte Konsistenzme-
trik vor, die auf externer Wissensiiberpriifung basiert und durch menschliche Evaluation
ergéinzt wird. Uber die oben untersuchten Zusammenfassungsszenarien hinaus erweitert
diese Doktorarbeit die Diskursstrukturmodellierung auf die Retrieval-gestiitzte Generie-
rung (RAG). Der vorgeschlagene Ansatz konstruiert innerhalb jedes abgerufenen Text-
abschnitts lokale RST-Baume zur Erfassung der intrachunkalen Diskurshierarchie und
leitet iiber alle Textabschnitte hinweg einen gerichteten rhetorischen Graphen ab, der
Inter-Chunk-Relationen wie Unterstiitzung, Kontrast und Elaboration modelliert. Ein
diskursgesteuertes Planungsmodul verdichtet diese strukturellen Signale anschliefend

zu einem geordneten Bauplan, der die abschlieende Generierung steuert.

Zusammenfassend présentiert diese Doktorarbeit einen kohédrenten Entwicklungs-



pfad von verteilten Diskurssignalen hin zu planbasierten Zwischenstrukturen und erwei-
tert diese Prinzipien auf die Organisation abgerufener Evidenz in der Retrieval-gestiitzten
Generierung. Unter verschiedenen Einschrinkungen, darunter lange Eingaben, begrenz-
te Fine-Tuning-Kapazititen, multimodale Evidenz und strukturell unverbundene abge-
rufene Passagen, erhoht die explizite Modellierung organisatorischer Entscheidungen
durchgingig die Kontrollierbarkeit und die faktische Verlédsslichkeit generierter Texte.
Diese Arbeit leistet Beitrdge in Form wiederverwendbarer Datenressourcen, Modellie-
rungsstrategien und Evaluationsrahmen, die zukiinftige Forschung zur diskursgeleiteten

Textgenerierung unterstiitzen.

Schliisselworter: Zusammenfassung langer Eingaben; Retrieval-gestiitzte Generierung;

Rhetorical Structure Theory; Question under Discussion.
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Introduction

This chapter introduces the motivation, research questions, and overall scope of the dis-
sertation. The central argument is that discourse structure, when explicitly modeled and
integrated into the generation process, can serve as a reliable organizing principle for
text generation tasks involving long, fragmented, or externally retrieved evidence. Sec-
tion 1.1 situates this argument within the broader context of automatic summarization
and retrieval-augmented generation. Section 1.2 identifies the key limitations of existing
approaches that motivate the explicit incorporation of discourse-level signals. Building
on these observations, Section 1.3 formulates five research questions and their associated
hypotheses, tracing a progressive trajectory from discourse representation to planning-
based generation. Section 1.4 outlines the structure of the dissertation and describes how
the individual chapters contribute to the overarching narrative. Finally, Section 1.5 lists
the publications on which the core chapters are based, Section 1.6 specifies the individ-

ual contributions of the doctoral candidate.

1.1 Research Background

Efficient access to information is a longstanding concern across academic research and
industrial practice, and has driven sustained interest in systems that can synthesize com-
plex evidence into coherent and faithful textual outputs (Pagnoni et al. 2023; Dahan et
al. 2025; Cao et al. 2024). A single research topic may produce hundreds of publica-
tions annually, while organizational workflows continuously accumulate large volumes

of internal records, such as business reports, technical specifications, and system logs



2 1. Introduction

(Pratapa et al. 2023; Overbay et al. 2023; Wang et al. 2023a). Under these conditions,
two complementary needs have become prominent. On the one hand, automatic summa-
rization helps readers navigate long documents by compressing their content into con-
cise representations that foreground main claims and supporting evidence (Takeshita et
al. 2024; Pagnoni et al. 2023; Hua et al. 2024). On the other hand, retrieval-augmented
generation (RAG) addresses knowledge-intensive scenarios where the relevant evidence
should first be gathered from external corpora before a coherent response can be pro-
duced (Lewis et al. 2020b; Asai et al. 2024). Despite their different interfaces, both

tasks face a shared underlying challenge: The generation system needs to identify salient

propositions, understand how distributed pieces of evidence relate to one another, and

organize them into outputs that faithfully reflect the source reasoning.

In academic writing, long documents rarely consist of independent facts; instead,
they articulate an extended argument that connects research motivation, methodologi-
cal decisions, and empirical findings (Liu et al. 2023c; Liu et al. 2024a; Takeshita et
al. 2024). Interpreting a particular claim often requires tracing dependencies that span
multiple sections of the document (Wang et al. 2023b; Zhong et al. 2025b). A similar
pattern is evident in technical reports, where the justification for a recommendation may
draw on risk analyses, design constraints, or implementation considerations that are in-
troduced earlier or elaborated later than the point at which the final decision is stated.
When evidence is retrieved from external sources rather than drawn from a single doc-
ument, these dependency structures become even more difficult to reconstruct, as the
retrieved passages typically lack the connective tissue that would link them into a co-
herent argument. Therefore, an effective generation system should assist in navigating
these distributed relationships and in reconstructing the chain of reasoning that underlies
the central conclusions (Liu et al. 2023c; Syed et al. 2023; Gurjar et al. 2025).

As large language models (LLMs) are increasingly applied to text generation sys-
tems, the limitations of strategies that rely primarily on surface-level cues (for exam-
ple, the autoregressive mechanism for next-token or next-sentence prediction) have be-
come more noticeable (Zhong et al. 2025b). The generated outputs may appear coher-
ent and well-organized, yet still overlook essential qualifications from the source text
or merge distinct pieces of evidence into arguments that exceed the evidence delivered
by the original material (Tang et al. 2023b; Jeong et al. 2025). These deficiencies are
particularly pronounced in long-document scenarios (Gao et al. 2025), where architec-

tural constraints such as limited attention windows and position-dependent degradation



1.1. Research Background 3

restrict reliable access to information distributed across distant segments of the input
(Peng et al. 2024; Song et al. 2024a). In retrieval-augmented settings, the difficulties
are compounded by the absence of explicit discourse connections among independently
retrieved passages (Edge et al. 2024), leaving the generator without a rhetorical scaffold
for evidence integration. As a result, decisions about content selection and structural
organization are, in both settings, more likely to be steered by local lexical or positional

signals than by the underlying argumentative structure of the evidence.

However, surface-level similarity alone cannot provide adequate guidance for gen-
erating outputs that satisfy both structural coherence and faithful alignment with the
source reasoning (Mondshine et al. 2025). High-quality generation from long or struc-
turally fragmented inputs requires modeling signals that extend beyond lexical overlap
or locally salient patterns (Liu et al. 2023c¢; Liu et al. 2024a). In other words, effective
models need to identify central propositions, distinguish main claims from supporting
or contextual content, and preserve the discourse relations that govern how the overall
argument is constructed (Gao et al. 2023). These considerations emphasize the impor-
tance of incorporating discourse-level information and modeling strategies that provide
explicit structural support for controlled content organization and reliable interpretation
(Pagnoni et al. 2023).

From a discourse perspective, a document is not merely an ordered sequence of sen-
tences but a collection of semantically coherent units connected by rhetorical relations
that jointly structure meaning and argumentation (Liu et al. 2025c; Miao et al. 2025;
Eichin et al. 2025). Rhetorical Structure Theory (RST) offers a well-established frame-
work for modeling this organization by distinguishing units that contribute directly to
a document’s central argumentative content from those that provide background infor-
mation, clarification, or supplementary detail (Liu et al. 2023c; Liu et al. 2024a). This
distinction is also related to the Question under Discussion (QUD) framework, which
conceptualizes discourse as organized around a hierarchy of implicit questions that de-
termine which information is relevant at a given point. Within the QUD perspective,
central units address the active question, whereas peripheral units refine, constrain, or
contextualize the space of possible answers. Consistent with these theoretical accounts,
empirical studies of human reading behavior demonstrate that human readers tend to
follow the progression of the main argument, evaluate supporting evidence, attend to
assumptions that condition the claims, and register constraints that delimit the scope of
the conclusions (Shubi et al. 2025; Miao et al. 2025).
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1.2 Research Challenges

Building on the foregoing discussion, the central claim of this dissertation is that ex-
plicitly modeling discourse structure provides a means of alleviating the limitations of
surface-level generation models. By incorporating discourse knowledge into the gener-
ation process, models can be guided toward content selection and organization decisions
that better reflect the argumentative structure of the source input.

Although a growing body of work provides both theoretical motivation and empir-
ical evidence for the benefits of discourse-aware summarization/generation (Gerani et
al. 2014; Kikuchi et al. 2014; Cohan et al. 2018; Xu et al. 2020; Dong et al. 2021),
current approaches often fall short of systematically and robustly leveraging discourse
structure within modern neural architectures. The core challenge is the difficulty of
operationalizing discourse information in ways that are both architecturally compatible
and empirically effective (Miao et al. 2025). These challenges include representing dis-
course information that is often noisy in a form that can be reliably learned; introducing
discourse guidance under constrained adaptation budgets with limited trainable parame-
ters; leveraging discourse cues in multimodal summarization to improve faithfulness and
controllability; employing discourse structure to balance readability and reliability when
generating explanatory summaries for non-expert audiences; and organizing structurally
disconnected retrieved evidence through discourse relations to support more factually
grounded generation in retrieval-augmented settings. Taken together, these challenges
delineate a set of structural and methodological issues that are examined in detail in the

following discussion.

« Existing discourse-aware summarization approaches typically rely on a single dis-
course parse generated by an automated parser and treat this representation as
fixed throughout the training and inference (Gerani et al. 2014; Kikuchi et al.
2014; Cohan et al. 2018; Xu et al. 2020). However, this design choice restrains
the effective use of relation-type semantics and fails to account for the uncertainty

and variability inherent in automatically induced discourse structures.

» Existing parameter-efficient fine-tuning techniques are designed to adapt large
pretrained models by updating a small number of parameters (Li et al. 2021; Lester
et al. 2021; Hu et al. 2022; Liu et al. 2022c). However, available empirical ev-

idence suggests that these techniques struggle to reliably encode discourse-level
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information, including content salience, evidence ordering, and rhetorical empha-

sis.

» Existing video-to-text summarization systems largely emphasize aligning visual
content with corresponding textual descriptions (Palaskar et al. 2019; Li et al.
2017; Liu et al. 2021a; Kudo et al. 2023). However, the absence of an explicit
discourse-guided planning component restricts their capability to organize infor-

mation in a manner that reflects the rhetorical conventions of abstracts.

 Existing public-facing summarization methods generate fluent outputs with lim-
ited mechanisms for controlling the introduction and placement of explanatory
content (Zhang et al. 2024c; Joseph et al. 2024; Cardenas et al. 2023). However,
the presence and ordering of explanations can substantially influence how readers

assess the reliability and trustworthiness of the generated lay summaries.

+ Existing retrieval-augmented generation systems concatenate retrieved passages
as flat context without modeling the rhetorical relations within or across them
(Lewis et al. 2020b; Edge et al. 2024). However, when evidence is distributed
across multiple chunks that may contain conflicting, complementary, or condi-
tionally scoped claims, the absence of explicit discourse structure can lead to
overgeneralization, factual inconsistency, or incoherent reasoning in the gener-

ated output.

1.3 Research Questions

In response to the research challenges outlined above, this dissertation treats discourse
modeling not as a monolithic solution but as a group of interconnected research com-
ponents operating under specific constraints. Accordingly, the dissertation formulates a

core research question: Discourse structure can function as a valuable signal for improving

long-form text generation. This overarching inquiry is decomposed into a series of spe-

cific research questions, each paired with a corresponding hypothesis and associated
with a distinct modeling challenge. The progression of these questions traces a trajectory
from foundational representation and integration of discourse signals, to their behav-

ior under constrained adaptation, to their utility in multimodal summarization settings,
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to their role in enhancing explanation quality and factual reliability in public-facing
contexts, and finally to their application in organizing retrieved evidence for retrieval-
augmented generation. The specific research questions addressed in this dissertation are

listed below.

Research Question 1: How can discourse structure be transformed into uncertainty-
aware signals that support content selection and ordering in long-document summariza-
tion?

This research question investigates the challenge of operationalizing discourse struc-
ture as a learnable signal in long-document summarization, under the realistic assump-
tion that discourse annotations obtained from automatic parsers are noisy and uncertain.
Rather than treating discourse analysis as a fixed preprocessing step that produces a
single deterministic structure, the focus is on how uncertainty in discourse relations and
centrality assignments can be explicitly modeled and propagated into the summarization
process.

Concretely, this question examines whether distributions over discourse relations
and nucleus—satellite assignments can be integrated into neural summarization models in
a way that directly influences content selection and sentence ordering. The core intuition
is that preserving alternative discourse analyses, instead of committing to a single hard
label, allows the model to exploit discourse information when it is informative while
remaining robust to parser errors when it is not. This perspective reframes discourse
structure from a brittle constraint into a soft organizing signal that can be weighed against

other evidence during generation.

Hypothesis I: Explicitly representing discourse structure as a distribution
can mitigate information loss caused by incorrect or overconfident discourse
labels, enabling summarization models to account for uncertainty and make

more robust content selection and ordering decisions.

This hypothesis is investigated in Chapter 3, which proposes a discourse-guided
summarization framework that injects probabilistic discourse signals into the attention
mechanisms of Transformer-based models. By modulating attention using distributions
over rhetorical relations, the model is encouraged to prioritize discourse-salient content
while remaining flexible under structural ambiguity. The empirical analysis examines

how different relation types affect salience modeling, how parser uncertainty propagates
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through the model during training and inference, and how these design choices impact
summary quality.

Evaluation is conducted along multiple dimensions, including content coverage, dis-
course coherence, and factual consistency, to ensure that improvements in organization
do not come at the expense of faithfulness or reliability. This investigation establishes
the conditions under which discourse structure can function as a reliable and actionable
organizing signal in long-input summarization, providing the methodological founda-

tion for the subsequent research questions.

Research Question 2: How can discourse signals reliably guide content selection and
organization under parameter-efficient adaptation regimes with limited update capacity
and computational resources?

Building on the investigation of how RST structures can serve as uncertainty-aware
signals (Research Question 1), this research question explores their effectiveness under
constrained model adaptation. In parameter-efficient fine-tuning (PEFT) settings such
as low-rank adaptation (LoRA), only a small number of parameters are updated, restrict-
ing the model’s capacity to revise internal representations. While PEFT methods often
improve surface-level fluency, they often fall short in shaping global discourse struc-
ture. This setting thus offers a rigorous test of whether discourse-level signals can still

influence document organization under strict memory and computing constraints.

Hypothesis II: When integrated as structured and uncertainty-aware guid-
ance, discourse signals can exert an influence on content selection and inter-

sentential organization under constrained parameter update budgets.

This hypothesis is examined in Chapter 4, which extends the discourse-guided frame-
work to PEFT settings by introducing low-rank variants of discourse integration. In
particular, the model injects uncertainty-aware discourse signals into a frozen backbone
using compact, learnable modules, allowing structural information to influence gener-
ation without incurring the high memory costs of full fine-tuning. This chapter further
explores how these signals interact with different adaptation configurations and evalu-
ates their effectiveness across salience-sensitive summarization tasks. Special attention
is given to the stability of discourse behavior and its impact on factual consistency when
adaptation capacity is limited.

Evaluation is conducted under both quality and efficiency metrics, including sum-

mary structure, coherence, factuality, and training resource usage, to determine whether
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improvements in discourse control are both measurable and scalable. The results pro-
vide insight into the conditions under which discourse-level guidance remains viable

even when the model’s plasticity is severely constrained.

Research Question 3: How can discourse-aware planning be extended to support
macro-level organization and factual grounding in video-to-text summarization, given
the challenges of fragmented and multimodal input?

Building on the previous investigations into discourse guidance under textual and
adaptation constraints (Research Questions 1 and 2), this research question extends the
scope to multimodal inputs, where evidence is distributed across text, audio, and visu-
als. Scientific presentation videos often convey information in a temporally fragmented
and structurally diffuse manner, requiring models not only to extract salient content but
also to recompose it into a coherent and factually grounded textual abstraction. This set-
ting raises the question of whether an explicit, discourse-informed planning mechanism
can help bridge the gap between low-level modality streams and high-level structured

summaries.

Hypothesis III: When cross-modal alignment is sufficiently reliable,
discourse-aware planning enables summarization models to produce more co-
herent and factually grounded outputs by structuring generation around an ab-

stract representation of argumentative intent.

This hypothesis is investigated in Chapter 5, which introduces a new multimodal
summarization framework tailored for scientific video-to-text generation. This chap-
ter begins by constructing a large-scale dataset that pairs academic presentation videos
with their corresponding paper abstracts. The core modeling strategy is a two-stage
generation pipeline. In the first stage, the model generates a discourse-aware plan, a
structured outline of rhetorical moves or high-level intents inferred from video content.
In the second stage, the model conditions on this plan to produce a full-length summary,
allowing it to prioritize discourse-salient segments and maintain coherence over tem-
porally dispersed input signals. The planning mechanism is informed by automatically
derived rhetorical cues and reflects the communicative intent often present in structured
presentations.

The evaluation is conducted along four dimensions, including structural coherence,

cross-modal alignment, content coverage, and factual accuracy. Special attention is
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given to the interaction between planning structure and modality noise—for example,
how visual gaps or speech hesitations influence the downstream generation. The empir-
ical results demonstrate that discourse-informed planning improves both organizational
structure and grounding fidelity, particularly in complex or sparsely aligned video seg-

ments.

Research Question 4: How can explanatory content in public-facing summarization
be treated as a controllable discourse element to improve accessibility and readability
without compromising factual reliability?

Extending the prior investigation of discourse-aware planning in multimodal set-
tings (Research Question 3), this research question shifts the focus to lay summariza-
tion, where models should balance informativeness with accessibility for non-expert au-
diences. In such settings, explanatory content plays a crucial role in supporting compre-
hension, but also introduces risk, particularly when models rely on background knowl-
edge or extrapolate beyond source material. This raises the challenge of structuring
explanations in a principled and controllable way, such that they enhance readability

without undermining factual fidelity.

Hypothesis IV: When modeled as controllable discourse elements, ex-
planations can enhance the accessibility and readability of public-facing sum-
maries while preserving factual reliability, provided that their discourse scope,

target specificity, and placement are explicitly managed.

This hypothesis is investigated in Chapter 6, which introduces an explanation-sensitive
summarization framework grounded in discourse planning. The model operates in a two-
stage fashion. It first generates a high-level rhetorical plan that explicitly marks where
and how explanatory content should appear (e.g., as background, elaboration, analogy),
and then conditions generation on this plan to ensure rhetorical coherence and factual
alignment. This design treats explanation as a planning unit, rather than an emergent side
effect, and enables control over its presence, function, and position within the output.

To ensure reliability, the framework further incorporates constraints that assess the
factual risk associated with each explanatory unit. These constraints help prioritize fac-
tual anchoring and de-emphasize hallucination-prone elaborations. The evaluation pro-
tocol combines automatic and human evaluations to jointly assess explanatory utility, ac-
cessibility, and factual integrity, including specific checks for unverifiable or audience-

misleading content. Special attention is paid to how target-audience specificity (e.g.,
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expert vs lay) interacts with explanation behavior and perceived quality. The findings
demonstrate that explanation can be rendered more reliable and audience-appropriate
when framed as a discourse-guided generation problem, rather than left to ad hoc de-

coding dynamics.

Research Question 5: How can discourse structure be leveraged to organize struc-
turally disconnected retrieved evidence, so that retrieval-augmented generation pro-
duces more coherent and factually consistent outputs?

The preceding four research questions investigate discourse modeling within set-
tings where all relevant evidence is contained within a given source input. In retrieval-
augmented generation (RAG), this assumption no longer holds. The evidence needed
to produce a faithful response is usually first gathered from an external corpus, and the
resulting chunks lack the discourse continuity present in coherent documents. Standard
RAG pipelines offer no mechanism for modeling rhetorical relations within or across re-
trieved passages. This research question asks whether the discourse modeling methods
developed in this dissertation, namely RST-based structural analysis and QUD-inspired
planning, can be adapted to construct a rhetorical scaffold over retrieved evidence that

supports evidence integration and answer organization.

Hypothesis V: Explicitly constructing intra-chunk discourse trees
and inter-chunk rhetorical graphs over retrieved evidence, combined with
discourse-driven planning, can improve the factual consistency, coherence, and

answer quality of retrieval-augmented generation.

This hypothesis is investigated in Chapter 7, which proposes Disco-RAG, a frame-
work that augments standard RAG with three discourse-aware components. First, an
RST tree is constructed for each retrieved chunk to capture its local discourse hierarchy.
Second, a directed rhetorical graph is inferred across all chunks to model inter-chunk re-
lations such as support, contrast, and elaboration. Third, a planning module synthesizes
these structural signals into an ordered blueprint that guides the final generation.

The evaluation examines whether this combination of local, global, and planning-
level discourse modeling yields measurable improvements in answer quality and factual
grounding across knowledge-intensive QA and summarization benchmarks. Ablation
studies isolate the contribution of each component, and controlled perturbation experi-

ments assess the sensitivity of the framework to structural noise in the parsed discourse
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representations, providing evidence that the observed gains stem from the quality of

discourse modeling rather than from the mere presence of additional structural tokens.
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Figure 1.1: Dissertation roadmap showing how discourse signals are incorporated across the
five research questions.

Figure 1.1 summarizes the scope and progression of the five research questions.
Together, they trace a trajectory from uncertainty-aware discourse modeling (RQI),
through adaptation-constrained learning (RQ?2), to multimodal application (RQ3), to
explanation-sensitive generation (RQ4), and to discourse-aware retrieval-augmented gen-
eration (RQ5). Each research question is grounded in a corresponding hypothesis and
targets a distinct set of technical conditions, while collectively advancing a shared ob-

jective: Establishing discourse as a reliable and empirically testable organizing principle

for long-form text generation.

1.4 Dissertation Organization

The research questions outlined in the preceding section delineate five interrelated chal-
lenges that arise from limitations in existing research: representing discourse as an
uncertainty-aware signal; integrating such signals under constrained adaptation settings;
extending the discourse-based framework to multimodal scientific summarization; mod-
eling explanatory content in public-facing summaries; and organizing retrieved evidence
through discourse structure to support retrieval-augmented generation. Addressing these
challenges requires methodological contributions that span input modalities, modeling

constraints, task interfaces, and evaluation regimes. To support this goal, this disserta-
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tion is organized into eight chapters, with Chapter 3 through Chapter 7 devoted to the
technical contributions. These five technical chapters build on one another, progres-
sively developing and empirically examining the proposed discourse-guided framework

across abstractive summarization and retrieval-augmented generation settings.

Chapter 1 introduces the motivation of the dissertation by situating text generation
as a task constrained not only by local generation accuracy but also by document-level
organization. This chapter formulates the main research questions and explains why
discourse structure provides a promising avenue for addressing these constraints. This
chapter also outlines the theoretical and empirical considerations that guide the investi-

gation, thereby establishing the conceptual scaffolding for the chapters that follow.

Chapter 2 provides the technical background necessary for the dissertation. This
chapter reviews foundational work on discourse structure, rhetorical relation modeling,
and long-context language modeling, and surveys evaluation strategies commonly used
in natural language generation, including metrics for coherence, salience, and factuality.
This chapter clarifies the assumptions and limitations underlying the subsequent mod-
eling choices, with particular attention to how discourse information is represented and

learned.

Chapter 3 through Chapter 7 progressively develop and evaluate a discourse-guided
generation framework under increasingly complex conditions. Chapter 3 explores Re-
search Question 1 by introducing uncertainty-aware discourse representations for long-
document summarization and examining how probabilistic rhetorical signals influence
content selection and ordering. Chapter 4 investigates Research Question 2 by extend-
ing discourse integration to parameter-efficient adaptation settings, analyzing whether
structural guidance remains effective under constrained update capacity. Chapter 5 ex-
pands the scope to multimodal scientific video-to-text summarization, corresponding to
Research Question 3, and proposes a discourse-aware planning framework to support
macro-level organization and factual grounding under fragmented evidence. Chapter 6
addresses Research Question 4 by modeling explanatory content as a controllable dis-
course element in public-facing summarization, with a focus on balancing accessibil-
ity and factual reliability. Chapter 7 examines Research Question 5 by extending dis-
course structure modeling to the retrieval-augmented generation setting, constructing
intra-chunk RST trees and inter-chunk rhetorical graphs over retrieved evidence, and
introducing a discourse-driven planning mechanism to guide answer generation across

knowledge-intensive QA and summarization benchmarks.
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Chapter 8 synthesizes the findings across the preceding chapters. This chapter revis-
its the five research questions and their associated hypotheses, identifying which aspects
of discourse modeling generalize across settings and which remain sensitive to specific
constraints. This chapter concludes by outlining open problems and directions for future
research.

In addition to the main chapters, this dissertation includes references and appendices
that provide the scholarly context and supplementary material supporting the arguments.
The appendices contain implementation or experimental details that are closely related
to the narrative but would disrupt the flow if included in the main text. This separation
is intended to keep the primary chapters focused on the problems and evidence, while

retaining the information necessary for careful inspection.

1.5 Published Work

The structure presented in the preceding section reflects the integration of several peer-
reviewed publications developed during the course of the doctoral research. Chapter 3
through Chapter 7 correspond directly to five papers published in top-tier venues. These
chapters preserve the core formulations, empirical findings, and methodological contri-
butions of the original works, while the terminology, notation, and exposition have been
harmonized to ensure a coherent dissertation-level narrative. The publications associ-
ated with Chapter 3 through Chapter 7 are listed below.

* Chapter 3: Donggqi Liu, Yifan Wang, and Vera Demberg. 2023. Incorporating
Distributions of Discourse Structure for Long Document Abstractive Summariza-
tion. In Proceedings of the 61st Annual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers), Toronto, Canada. Association for

Computational Linguistics.

* Chapter 4: Dongqi Liu and Vera Demberg. 2024. RST-LoRA: A Discourse-
Aware Low-Rank Adaptation for Long Document Abstractive Summarization. In
Proceedings of the 2024 Conference of the North American Chapter of the Asso-
ciation for Computational Linguistics: Human Language Technologies (Volume
1: Long Papers), Mexico City, Mexico. Association for Computational Linguis-

tics.


https://aclanthology.org/2023.acl-long.306/
https://aclanthology.org/2023.acl-long.306/
https://aclanthology.org/2023.acl-long.306/
https://aclanthology.org/2024.naacl-long.121/
https://aclanthology.org/2024.naacl-long.121/
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* Chapter 5: Dongqi Liu, Chenxi Whitehouse, Xi Yu, Louis Mahon, Rohit Saxena,
Zheng Zhao, Yifu Qiu, Mirella Lapata, and Vera Demberg. 2025. What Is That
Talk About? A Video-to-Text Summarization Dataset for Scientific Presentations.
In Proceedings of the 63rd Annual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), Vienna, Austria. Association for Compu-

tational Linguistics.

* Chapter 6: Dongqi Liu, Xi Yu, Vera Demberg, and Mirella Lapata. 2025. Ex-
planatory Summarization with Discourse-Driven Planning. Transactions of the

Association for Computational Linguistics, Volume 13.

* Chapter 7: Dongqi Liu, Hang Ding, Qiming Feng, Jian Li, Xurong Xie, Zhu-
cun Xue, Chengjie Wang, Jiangning Zhang, Yabiao Wang. 2026. Disco-RAG:
Discourse-Aware Retrieval-Augmented Generation. In Proceedings of the 64th
Annual Meeting of the Association for Computational Linguistics (Volume 1:

Long Papers), San Diego, USA. Association for Computational Linguistics.

Beyond the core technical chapters, two additional publications produced during the
doctoral period contributed to the development of the overall research trajectory. While
not included as standalone chapters, these works informed the problem formulation,
dataset construction, evaluation methodology, and the conceptual framing of control-

lable generation that underpin this dissertation.

* Dongqi Liu and Vera Demberg. 2023. ChatGPT vs Human-authored Text: In-
sights into Controllable Text Summarization and Sentence Style Transfer. In Pro-
ceedings of the 61st Annual Meeting of the Association for Computational Lin-
guistics (Volume 4: Student Research Workshop), Toronto, Canada. Association

for Computational Linguistics.

* Donggqi Liu, Yifan Wang, Jia Loy, and Vera Demberg. 2024. SciNews: From
Scholarly Complexities to Public Narratives — A Dataset for Scientific News Re-
port Generation. In Proceedings of the 2024 Joint International Conference on
Computational Linguistics, Language Resources and Evaluation (LREC-COLING
2024), Torino, Italy. ELRA and ICCL.


https://aclanthology.org/2025.acl-long.310/
https://aclanthology.org/2025.acl-long.310/
https://direct.mit.edu/tacl/article/doi/10.1162/TACL.a.30/133040
https://direct.mit.edu/tacl/article/doi/10.1162/TACL.a.30/133040
https://arxiv.org/pdf/2601.04377
https://arxiv.org/pdf/2601.04377
https://aclanthology.org/2023.acl-srw.1
https://aclanthology.org/2023.acl-srw.1
https://aclanthology.org/2024.lrec-main.1258/
https://aclanthology.org/2024.lrec-main.1258/
https://aclanthology.org/2024.lrec-main.1258/
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1.6 Statement of Individual Contributions

This dissertation is a cumulative dissertation. For all six publications listed above, the
doctoral candidate (Dongqi Liu) led the entire research process, including the formula-
tion of the research questions, the design of the methodologies, the implementation of all
models, the execution and analysis of experiments, and the writing of the manuscripts.
The candidate is also responsible for integrating the individual publications into a co-
herent dissertation narrative, including the writing of the introduction, background, and
conclusion chapters, as well as the harmonization of terminology, notation, and exposi-
tion across all chapters.

Vera Demberg, as doctoral supervisor, provided continuous supervision, guidance,
and feedback throughout all publications. Vera plays an instrumental role in shaping the
overarching research direction, offering critical perspectives on experimental design and
reviewing all manuscript drafts. Mirella Lapata co-supervised Chapter 5 and Chapter 6
during the candidate’s research visit at the University of Edinburgh, contributing guid-
ance on research methodology, experimental rigor, and manuscript presentation. Both
supervisors contribute to refining the research questions and strengthening the argumen-
tation across the respective publications.

All remaining co-authors provided discussions and supporting assistance at various
stages of the respective projects, including but not limited to data collection, annotation,
evaluation, and feedback on experimental design. Their contributions are acknowledged

in the respective publications and in the acknowledgments section of this dissertation.






Background

This chapter establishes the foundational background needed for the remainder of this
dissertation. We begin by formalizing the evidence-conditioned generation problem and
introducing mainstream text generation paradigms, covering sequence-to-sequence ar-
chitectures and decoder-only models, while highlighting long-input and attention con-
straints that are most relevant to the settings studied in this dissertation (Section 2.1).
Next, we present two key discourse frameworks, Rhetorical Structure Theory (RST)
and Question Under Discussion (QUD), as theoretical tools for modeling coherence and
structure in text (Section 2.2). Building on this, we review parameter-efficient adaptation
strategies and argue that discourse-level signals offer valuable guidance when model up-
dates are constrained (Section 2.3). We also introduce retrieval-augmented generation as
a complementary paradigm for knowledge-intensive scenarios (Section 2.4). We further
discuss planning as an explicit mechanism for separating organization decisions from
surface realization (Section 2.5). We finally conclude with a discussion of evaluation
perspectives, focusing on output quality, discourse coherence, and factual consistency
(Section 2.6).

2.1 Problem Setting and Task Scope

This section defines the problem setting addressed throughout this dissertation and clar-
ifies the scope of what counts as evidence, what counts as acceptable outputs, and what
kinds of failures matter in downstream applications. We first formalize the evidence-

conditioned generation task and emphasize the gap between token-level plausibility and
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discourse-level adequacy (Section 2.1.1). Next, we introduce two mainstream gener-
ation paradigms, examining how encoder—decoder architectures and decoder-only lan-
guage models condition on the source input, and how training objectives and decoding
strategies impact evidence accessibility (Section 2.1.2). We then discuss the challenges
posed by long inputs, particularly in cases where models demonstrate strong local flu-

ency but struggle with cross-paragraph coherence (Section 2.1.3).

2.1.1 Evidence-Conditioned Generation

Natural language generation (e.g., summarization) from complex evidence is commonly
formulated as a conditional generation task, where a neural model parameterized by 6
defines a distribution py(y | ) over generated output y given an input z (Pilault et al.
2020; Zhong et al. 2025a). In standard summarization settings, x is usually a long-form
text document, and the goal is to generate a concise and faithful summary that captures
its central content. However, real-world applications often extend beyond this basic
formulation. In particular, the input evidence may span multiple modalities (e.g., speech,
images, or video) or the output may be expected to fulfill additional communicative
goals, such as enhancing accessibility for non-expert audiences.

For example, in scientific video-to-text summarization, the input evidence can be ex-

pressed as a triplet z = (', yadio,

xVision) ' where text transcripts, audio narration, and
slide visuals offer complementary but non-identical sources of support for the claims
being summarized (Liu et al. 2025a; HangChen et al. 2025). In explanatory summa-
rization, the target distribution may also incorporate explanatory additions that improve
accessibility without altering the intended meaning of the original content (Joseph et al.
2024).

Across all settings, it is important to distinguish between sentence-level fluency and
discourse-level adequacy. A generated answer may exhibit locally well-formed yet fail
to convey meaningful content if, for instance, it detaches a result from the assumption
that justifies it, flattens a contrastive structure to an undifferentiated enumeration, or
omits a limitation that critically shapes the interpretation of a claim (Joseph et al. 2024).
These failures are often masked at the surface level but become apparent when the gen-

erated answer is interpreted as an argument with internal dependencies.

These challenges are further amplified in the presence of long inputs, where the

conditional distribution py(y | ) is implemented through an interface with restricted
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evidence access (Dong et al. 2024). In many previous studies, models operate on a trans-
formed representation of x that reflects limitations imposed by context length, attention
mechanisms, and preprocessing strategies. More formally, the models often condition
on a reduced representation & = 7(z), where 7(+) denotes operations such as truncation,
segmentation, or retrieval, resulting in generation from py(y | Z) rather than the ideal
po(y | «) (Luo et al. 2024). When 7(+) excludes distant premises, background defini-
tions, or earlier qualifications, the generated answer may drift toward statements that are

superficially plausible but weakly grounded.
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Figure 2.1: Evidence-conditioned generation under limited evidence access.

Figure 2.1 visualizes this formulation of conditional generation under constrained
evidence access. By distinguishing the full input = from the accessible subset = 7(z),
Figure 2.1 underscores how preprocessing decisions can remove discourse-critical infor-
mation before generation. In light of these limitations, this dissertation adopts a view of
generation adequacy that emphasizes the grounding of claims in verifiable source con-
tent and the preservation of qualifiers, boundary conditions, and uncertainty markers

wherever they are essential for interpretation (Wanner et al. 2025).
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2.1.2 Model Paradigms for Text Generation

Figure 2.2 illustrates the two primary model paradigms that dominate current text gen-
eration research. The first paradigm consists of encoder-decoder sequence-to-sequence
models (Lewis et al. 2020a; Zhang et al. 2020a), in which an encoder transforms the
source input into contextual representations and a decoder generates the output while
attending to the encoded output (see Figure 2.2 (a)). These kinds of models are typically
trained using a maximum likelihood objective with teacher forcing, which can be written

as:

[yl

logpo(y | x) = > logpe(ys | yer, x). 2.1)

t=1

This factorization underscores that conditioning on = is mediated through an inter-
nal representation learned by the encoder, along with cross-attention mechanisms in the
decoder. The inductive bias of this architecture is that the source input is presented as
an explicit memory, which can be queried at each decoding step. This characteristic
makes encoder—decoder models a natural fit for the long-document settings explored in
Chapter 3 and Chapter 4, both of which leverage explicit encoder-side computations and

attention mechanisms that can be steered using discourse-level signals.
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Figure 2.2: Comparison of two text generation paradigms.

The second paradigm comprises decoder-only large language models (see Figure 2.2
(b)), which treat text generation as a next-token prediction task conditioned on a context
that includes both the source input and an instruction (Brown et al. 2020; Wei et al. 2022).
In this paradigm, the boundary between source content and task instructions is encoded
implicitly through input formatting, and the model learns to interpret different segments

of the context. While the same conditional generation objective applies, conditioning
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is realized through in-context representations rather than an explicit encoder—decoder
interface. This paradigm is particularly relevant for instruction-following settings and
multi-step prompting strategies, as well as for the planning-based pipelines introduced
in Chapter 5 and Chapter 6, where the model first generates an explicit plan and then

produces an output answer conditioned on that intermediate plan.

2.1.3 Long Inputs and Attention Patterns

Long scientific articles, multi-section reports, and multimodal evidence packages often
distribute premises, caveats, and definitions at considerable distances from the claims
they support (Dao et al. 2022). This poses a challenge for neural generation models,
with the computational pressure arising from the attention mechanism. In standard
Transformer architectures, full self-attention scales quadratically with sequence length
(see Figure 2.3 (a)), rendering direct application to long documents computationally pro-
hibitive.
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Figure 2.3: Comparison of different attention patterns.

For this reason, many long-context models adopt sparse attention patterns that re-
strict the set of positions each token can attend to. An often-used design employs local
attention windows (Zaheer et al. 2020), in which each token attends only to a fixed-size
neighborhood (see Figure 2.3 (b)). While this design preserves strong local modeling
capacity and improves scalability, it can weaken the model’s ability to capture long-
range discourse dependencies across distant segments. For instance, when a premise is
introduced early in the document, and a corresponding conclusion appears much later, a

purely local attention mechanism may require a long sequence of intermediate attention
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steps to propagate that dependency. This transmission path is vulnerable to disruption
by topic shifts, section boundaries, or intervening boilerplate content.

A compromise involves introducing sliding-window attention augmented with a lim-
ited set of global tokens (see Figure 2.3 (c)). While global tokens offer a mechanism for
long-range connectivity, their small number and tendency to aggregate information in a
shallow and undifferentiated manner make it challenging to capture nuanced or implicit
discourse connections (Zaheer et al. 2020; Tay et al. 2021; Choromanski et al. 2021).
These properties help explain why models operating on long inputs often produce an-
swers that are locally fluent yet fail to accurately reflect the document’s global structure

and argumentative flow.

2.2 Discourse Structure

This section provides prerequisite knowledge on discourse structure. We first introduce
Rhetorical Structure Theory as a framework for segmenting text into elementary dis-
course units (EDUs) and for labeling coherence relations along with their associated
centrality roles (Section 2.2.1). We then present the Question under Discussion frame-
work that conceptualizes discourse as a hierarchical sequence of implicit questions and
answers, capturing the underlying information-seeking structure that governs discourse

progression and coherence (Section 2.2.2).

2.2.1 Rbhetorical Structure Theory

Rhetorical Structure Theory (RST) is a discourse framework for modeling the inter-
nal organization of a text. It describes how clauses and sentences are connected through
rhetorical relations and structured into a coherent hierarchy (Marcu. 1997; Marcu. 1999b;
Marcu. 2000; Kikuchi et al. 2014; Goyal et al. 2016; Liu et al. 2023c). To be specific,
RST delineates a set of coherence relations between textual segments, known as Elemen-
tary Discourse Units (EDUs), at the document level (e.g., one EDU might provide clar-
ification for another, or conversely, two EDUs could present contrasting viewpoints).
In addition to labeling the type of coherence relation, RST assigns centrality roles to
EDUs based on their relative importance, distinguishing between nuclei, which convey
the central content of the relation, and satellites, which provide supporting or supple-
mentary information (Marcu. 1999b; Isonuma et al. 2019; Xu et al. 2020).
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Figure 2.4: An example of RST tree: [Utilizing discourse structure to enhance text summa-
rization is beneficial. ]FPU! [This technique can be used to identify key ideas and capture often
overlooked nuances.]*PY? [Accurate capture of these complex structures facilitates the genera-
tion of good summaries.]FPY3

As an illustrative example, consider the RST tree depicted in Figure 2.4. In this
instance, EDU1 functions as the most pivotal component within the entire example, thus
constituting the nucleus for both EDU2 and EDU3. EDU2 is tasked with elucidating and
providing supplementary information to EDU3, positioning it as a satellite unit in relation
to EDU3. Given the relatively lower discourse importance of EDU2, one could merge EDU1
and EDU3 while pruning EDU2; the semantic essence of the example would remain intact.
In a more extreme scenario, retaining only EDU1 as the core sentence and omitting both
EDU2 and EDU3, the primary information conveyed by the entire example would still be
preserved. This reflects a broader observation in the literature (Marcu. 1997; Louis et al.
2010; Cohan et al. 2018; Liu et al. 2019a; Li et al. 2020c; Xu et al. 2020; Dong et al.
2021; Chen et al. 2021) that satellite EDUs play a subordinate role, with the majority of

the core sentences deriving from nucleus EDUs.

Automatic RST discourse parsing aims to recover the full discourse tree of a docu-
ment and usually involves two main sub-tasks. The first is EDU segmentation, which
identifies the minimal discourse units in a text. The second is tree construction, which
determines the hierarchical structure, nuclearity assignments, and rhetorical relation la-
bels among these units. Earlier neural approaches adopted transition-based or chart-
based strategies and relied on pretrained encoder models such as BERT and XLNet to

obtain span representations (Kobayashi et al. 2020; Liu et al. 2020; Nguyen et al. 2021;
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Koto et al. 2021b). More recent work introduced joint frameworks that integrate EDU
segmentation directly into the tree parsing process, which eliminates the need for a sep-
arate preprocessing step and improves domain generality (Liu et al. 2021e). Yu et al.
(2022) further proposed a second-stage EDU-level pre-training approach with two novel
objectives, namely next EDU prediction and discourse marker prediction, that improve
parsing accuracy on benchmark datasets. From 2023 onward, the field has witnessed
several notable developments. Maekawa et al. (2024) demonstrated that decoder-only
large language models can achieve state-of-the-art RST parsing performance by convert-
ing top-down and bottom-up parsing strategies into prompts and fine-tuning LLaMA
with QLoRA. Their bottom-up variant achieves the best results on three benchmark
datasets (RST-DT, Instr-DT, and GUM) and exhibits strong cross-corpus generalizabil-
ity. On the theoretical side, Zeldes et al. (2025) introduced Enhanced RST (eRST), a
framework that extends traditional RST to support discourse relation graphs with tree-
breaking, non-projective, and concurrent relations, along with explicit signal annotations
that provide interpretable rationales for discourse analyses. This extension is accompa-
nied by a freely available English corpus of over 200K tokens across 12 spoken and
written genres. Cross-lingual RST parsing has also advanced, with Chistova (2024)
introducing a bilingual annotation and end-to-end parsing that demonstrates effective
transfer even with limited second-language data. Despite these advances, RST parsers
still exhibit reduced accuracy on out-of-domain data and long documents (Atwell et al.
2022; Liu et al. 2021e), which motivates the uncertainty-aware approach adopted in this

dissertation.

2.2.2 Question Under Discussion

Question under Discussion (QUD) provides another perspective on discourse coherence
by modeling discourse in terms of the implicit questions that are raised and resolved over
time (Beaver et al. 2017; Wu et al. 2023a). From this view, a sentence is perceived as
relevant not merely because of topical similarity, but because it addresses an information
need that has become salient in the evolving discourse context. Discourse progression
can therefore be understood as a structured process in which a question is introduced
or made prominent, followed by an answer that updates the common ground and shifts

what is currently under discussion (Wu et al. 2023a).

Figure 2.5 illustrates this idea with an example. Given the statements about Antarc-
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[1] Antarctica is the coldest continent on Earth.
[2] The average temperature in winter is around -50°C.
[3] Penguins are adapted to survive in extremely cold environments.

QUD(1,2) What is the average temperature in Antarctica? @
Answer Compatibility: S2 directly answers the question
vi @
Givenness: the question only contain concepts in context
Anchor Relevance: the question can be triggered in S1 \/ @

Figure 2.5: An illustration of the Question under Discussion (QUD) framework.

tica, the initial sentence establishes a salient topic that licenses the implicit question
“What is the average temperature in Antarctica?”’. The second sentence directly an-
swers this question, satisfying answer compatibility, givenness, and anchor relevance,
while the third sentence, although topically related, does not directly resolve the active
question. This example highlights how QUD captures relevance in terms of question—
answer alignment rather than surface proximity, and how it distinguishes between sen-
tences that directly advance the discourse and those that introduce parallel or subsequent
informational threads. This perspective is particularly useful for text generation tasks,
as it shifts attention from lexical overlap or sentence-level importance to communicative
function. From a QUD standpoint, a high-quality summary can be viewed as a sequence
of answers to the most important questions posed by the source document, with sentence
ordering guided by a coherent progression of those questions (Pagnoni et al. 2023; Wu
et al. 2023b).

While QUD has traditionally been studied through manual annotation, recent years
have seen growing efforts to automate the derivation of QUD structures. De Kuthy et
al. (2020) proposed an early approach that combines transformation rules with a neural
question generation model to produce candidate QUD questions for a given sentence.
Ko et al. (2023) developed the first QUD dependency parser capable of deriving full-
document question structures, trained on the large crowdsourced DCQA dataset. Wu
et al. (2023a) introduced QUDeval, the first systematic evaluation framework for QUD
parsing, and showed through fine-grained analysis of 2,190 generated questions that
satisfying all theoretical constraints of QUD remains challenging for both fine-tuned

systems and large language models. On this basis, Suvarna et al. (2024) proposed QUD-
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SELECT, a joint-training framework that uses instruction-tuning and selective decod-
ing to simultaneously predict anchor sentences and generate associated questions. This
approach achieves improvements over prior pipelined methods in both human and au-
tomatic evaluations. More recently, Han et al. (2025a) adopted reinforcement learning
with the Group Relative Policy Optimisation (GRPO) objective for LLM post-training
on QUD generation and achieves higher-quality outputs than supervised fine-tuning
baselines with only three annotated exemplars. On the annotation and modeling front,
Fu et al. (2025) proposed a topicality-driven QUD model that achieves higher inter-
annotator agreement than prior QUD tree approaches and compares its annotations with
RST structures. Fu (2025) provided a comprehensive survey of QUD models for dis-
course processing that examines the relationship between QUD and mainstream dis-
course frameworks such as RST, PDTB, and SDRT. Despite these advances, the auto-
matic derivation of QUD structures that fully satisfy all theoretical constraints remains
an open challenge. This dissertation leverages QUD not as a target for full structural
parsing but as a planning mechanism that guides text generation through explicit inter-

mediate question sequences.

2.3 Resource Constraints and Efficient Adaptation

This section provides background on efficient adaptation strategies for neural genera-
tion models, with an emphasis on the constraints that arise when inputs are long and
model backbones are large. We first present three common parameter-efficient fine-
tuning (PEFT) approaches and discuss why memory and computational resources often
become the bottleneck factors when adapting models to new domains (Section 2.3.1).
We then discuss how such constraints on update capacity complicate the learning of

discourse-level behaviors (Section 2.3.2).

2.3.1 PEFT Methods

Parameter-efficient fine-tuning (PEFT) is motivated by pressure in current model devel-
opment. While large pretrained language models provide strong initial representations,
achieving further performance gains through full fine-tuning is often computationally
prohibitive (Hu et al. 2022; Li et al. 2021). This difficulty is amplified in long-context

generation, where training requires storing large activation tensors for backpropagation
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Figure 2.6: Overview of parameter-efficient adaptation.

and maintaining optimizer states for all trainable parameters. In such settings, the dom-
inant constraint is GPU memory rather than wall-clock time, which directly limits the
feasible batch sizes and maximum sequence lengths that can be processed (Hu et al.
2022). These constraints have led to the development of PEFT strategies that keep the
majority of the model backbone frozen while introducing a lightweight set of trainable
parameters that are more memory-efficient and easier to iterate on.

PEFT methods can be categorized according to which components of the computa-
tion they modify. As shown in Figure 2.6, adapter-based approaches insert small feed-
forward modules between Transformer layers and train only these additional modules
while keeping the original projection weights frozen (Riickl¢ et al. 2021; Karimi Ma-
habadi et al. 2021). Prompt- and prefix-based methods learn additional vectors that are
injected as extra conditioning signals at the input or within attention (Lester et al. 2021,
Lietal. 2021). Among these approaches, Low-rank adaptation (LoRA) has been widely
adopted due to its simplicity and explicit control over update capacity while remain-
ing compatible with standard linear projections. In LoRA, an existing weight matrix
W € R%nxdou ig kept fixed, and adaptation is achieved by adding a learned update AW,
such that the effective weight becomes W + AW. The update AW is parameterized as
a product of two low-rank matrices (Hu et al. 2022). A typical parameterization writes:

AW = BA, BeR™7"  AcR™  r < min(di, dow) (2.2)

Quantization-aware variants further reduce memory consumption by storing the frozen
backbone weights in low-precision formats while training a small set of adaptation pa-
rameters in higher precision (Dettmers et al. 2023). This design significantly lowers
the memory footprint of large models, making fine-tuning feasible in scenarios where

storing the full-precision backbone would exceed hardware constraints (see Figure 2.7).
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(a) LoRA: Low-Rank Adaptation (b) QLoRA: Quantization + LoRA
. oo . Quantized Frozen Weight W A and B in higher precision
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parameters and optimizer state backbones on limited GPU memory

Figure 2.7: Illustration of low-rank adaptation and quantization-aware variants.

2.3.2 Challenges of PEFT Methods

Long-form generation exacerbates resource constraints in ways that go beyond the sheer
number of trainable parameters. A restricted update budget often coincides with a weak
training signal for learning global organization (Phang et al. 2023). When update capac-
ity is small, performance gains tend to manifest primarily in surface-level realization,
while document-level salience and ordering patterns remain largely unaffected (Ravaut
et al. 2024; Jung et al. 2025). This limitation is consequential for generation tasks that
require discourse-level organization, where many failure cases are not from grammatical
errors but stem from structural misinterpretation (Liu et al. 2024a). These observations
motivate the incorporation of structural cues during adaptation, so that limited parameter
updates are preferentially allocated toward evidence selection and discourse organiza-

tion.

Discourse cues are usually derived from automatic parsers and thus should be treated
as uncertain. RST parsers segment documents into EDUs and assign relation labels that
characterize the rhetorical connections between spans. Rather than treating parser output
as a single discrete tree, a more robust strategy is to preserve uncertainty and represent
discourse information as a soft distribution (Liu et al. 2023c; Liu et al. 2024a). This
uncertainty-aware choice aligns well with PEFT settings. When update capacity is lim-
ited, imposing incorrect hard constraints can be difficult to override through learning.
A distributional representation allows the model to exploit discourse signals when they
are informative, while allowing the generation objective to discount ambiguous or mis-

leading cues.
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2.4 Retrieval-Augmented Generation

This section introduces retrieval-augmented generation (RAG) for knowledge-intensive
text generation, where the information needed to produce a faithful response may not
be fully contained within the model’s parametric memory or the immediately available
context. We first describe the standard retrieve-then-generate framework, covering re-
trieval mechanisms, dense encoding strategies, and recent architectural extensions such
as iterative and adaptive retrieval (Section 2.4.1). We then discuss the structural limita-
tions that arise when retrieved evidence is treated as a flat concatenation of independent
chunks, and review emerging efforts to incorporate discourse-level organization into the

retrieval and generation process (Section 2.4.2).

2.4.1 The Retrieve-then-Generate Paradigm

In many knowledge-intensive scenarios, the information needed to produce a faithful
response is not fully contained within the provided context or the model’s parametric
memory. Retrieval-augmented generation (RAG) addresses this gap by introducing an
explicit retrieval step that gathers relevant passages from an external corpus before gen-
eration (Lewis et al. 2020b; Guu et al. 2020). The core motivation is that parametric
models, regardless of their scale, cannot memorize the entirety of world knowledge, and
their internal representations may become outdated as new information emerges. By ex-
ternalizing knowledge into a retrievable corpus, RAG systems decouple factual storage
from language generation, allowing the model to access up-to-date and domain-specific
evidence at inference time without retraining (Guu et al. 2020).

As illustrated in Figure 2.8, a standard RAG pipeline operates in several stages. The
external corpus D is first segmented into chunks, which are then encoded into dense
vector representations and stored in an index. At query time, the system retrieves a set
of chunks C(¢; D) = {c1, 2, ..., cx} whose embeddings are most similar to the query
embedding, and the generator produces the output y by conditioning on both the query
and the retrieved context, py(y | ¢,C) (Lewis et al. 2020b; Karpukhin et al. 2020). The
retrieval component itself can be realized in different ways. Early approaches rely on
sparse lexical matching methods such as BM25 (Robertson et al. 2009), which score doc-
uments based on term-frequency statistics and are effective when the query and relevant

passages share surface-level vocabulary. However, sparse retrieval struggles with vo-
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Figure 2.8: Standard retrieval-augmented generation pipeline. An external corpus is segmented
into chunks, encoded into dense vectors, and indexed. At query time, the top-£ chunks are
retrieved based on embedding similarity and concatenated as context for the language model.

cabulary mismatch, where semantically relevant passages may use different terminology
than the query. Dense retrieval models address this limitation by encoding both queries
and passages into continuous vector spaces, where semantic similarity is measured via
inner product or cosine distance (Karpukhin et al. 2020). Hybrid strategies that com-
bine sparse and dense signals have also been explored and often yield complementary
benefits (Ma et al. 2021).

This retrieve-then-generate paradigm has been shown to improve performance on
knowledge-intensive tasks such as open-domain question answering, fact verification,
and knowledge-grounded dialogue (Lewis et al. 2020b; Asai et al. 2024; Chan et al.
2024). Beyond single-round retrieval, several architectural extensions have been pro-
posed to improve the coverage and relevance of retrieved evidence. Iterative retrieval
refines the query based on intermediate generation steps, allowing the model to progres-
sively gather more targeted evidence as its understanding of the task evolves (Jiang et al.
2023b). Adaptive retrieval introduces a decision mechanism that determines whether
retrieval is needed at each generation step, avoiding unnecessary retrieval when the
model’s parametric knowledge is sufficient to produce a confident prediction (Asai et al.
2024). Self-reflective RAG further extends this idea by training the model to critique
its own retrieval decisions and generation outputs through learned reflection tokens that

indicate whether retrieved passages are relevant, whether the generated response is sup-
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ported, and whether the output is useful (Asai et al. 2024). Structure-aware variants
have also been proposed, including graph-based methods that organize evidence into
knowledge graphs to preserve entity-level and relational information (Edge et al. 2024;
Sanmartin. 2024), and hierarchical approaches that dynamically select the most appro-
priate structural format for the retrieved evidence based on the nature of the query (L1
et al. 2025¢).

2.4.2 Challenges of RAG Methods

Despite these advances, standard RAG pipelines treat retrieved chunks as independent
units that are concatenated in a flat sequence without modeling rhetorical connections
across them. This design implicitly assumes that the generator can infer the appropri-
ate relationships among chunks from their content alone, an assumption that frequently

breaks down in practice.
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Figure 2.9: Structural limitations of standard RAG pipelines. Retrieved chunks are concatenated
without explicit rhetorical connections. When chunks contain conflicting or conditionally scoped
claims, the generator lacks the structural signals needed to reconcile them, which can lead to
overgeneralization or factual inconsistency.

As illustrated in Figure 2.9, the flat representation of retrieved evidence introduces
several failure modes. When two chunks present claims that hold under different con-
ditions or scopes, the generator may merge them into a single overgeneralized state-
ment that is not supported by either source individually. Similarly, when chunks of-

fer contrasting perspectives, the absence of explicit contrastive or concessive relations
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can cause the model to favor one perspective while ignoring the other, or to produce
internally contradictory outputs. These issues are especially pronounced in multi-hop
reasoning scenarios, where the generator should synthesize information across multiple
passages to arrive at a coherent answer (Yang et al. 2018; Trivedi et al. 2023). Without
structural signals that indicate how pieces of evidence relate to one another, the model
may fail to chain supporting premises correctly or may introduce spurious inferential
links.

Several recent efforts have begun to address this structural gap. Knowledge graph-
augmented approaches construct structured representations over retrieved passages, link-
ing entities and relations to facilitate multi-hop reasoning (Edge et al. 2024; Sanmartin.
2024). Chain-of-thought prompting strategies encourage the model to externalize its
reasoning steps, which can partially compensate for the missing inter-chunk structure
(Trivedi et al. 2023). However, these methods primarily operate at the entity or propo-
sitional level and do not capture the rhetorical functions that govern how claims relate
to one another at the discourse level, such as whether one passage elaborates on, contra-

dicts, or provides conditions for another.

2.5 Planning and Structured Generation

This section introduces planning as a mechanism for structured text generation. We
adopt the view that a good output is not only a sequence of fluent sentences but also an
ordered presentation of claims whose organization shapes how the content is interpreted.
Such an organization is more readily controlled when an explicit plan is available. We
first describe discourse-aware plans as intermediate targets that make macro-level struc-
ture explicit and provide an interface between decisions about what information to con-
vey and how to realize it (Section 2.5.1). We then explain why planning becomes partic-
ularly valuable in settings where evidence is fragmented across modalities or when sum-
maries incorporate explanatory content that should remain anchored to specific source
claims (Section 2.5.2).

2.5.1 Plans as Explicit Intermediate Targets

Plan-based generation starts from an observation about long-form text generation. Many

failures that matter to readers are not local language failures, but global organizational
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failures (Liu et al. 2022d). These failures arise when the model foregrounds irrelevant or
secondary claims, presents content in an implausible or incoherent order, or omits qual-
ifiers that are necessary for interpreting an argument. Introducing an explicit plan pro-
vides a mechanism for making such global decisions before surface realization (Adams
et al. 2023).

Formally, planning introduces an intermediate variable b that encodes macro-level
structure. Given input evidence x, the model generates an output y. A plan-based model

factorizes conditional generation by allowing the plan to mediate between evidence and

output:
poly | 2) =Y pa(b] x)po(y | z,b). (2.3)
b
Reference Text
Model A achieves 92% However, it requires This limits deployment Recent work proposes It maintains performance
accuracy. large memory. on edge devices. sparse attention. with 30% less memory.
Implicit progression of questions and answers in discourse

[ Question 1: What is the performance of Model A? H Answer 1: Model A achieves 92% accuracy. J ______

. Contrast
[ Question 2: What are its limitations? H Answer 2: It requires large memory, limiting edge deployment. .

.~ Explanation
[ Question 3: How can this be addressed? H Answer 3: Sparse attention reduces memory by 30% while preserving performance. }
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Model A achieves 92% accuracy on long- However, it requires substantial memory.
context tasks.

Recent sparse attention approaches reduce memory

Generated Sentence 1: Generated Sentence 2:
usage by 30% with minimal performance loss.

Figure 2.10: Planning-based generation in which a plan b is generated from evidence and then
used to condition the final output.

As shown in Figure 2.10, the plan makes explicit the progression from evidence
to an ordered sequence of output sentences. In the settings studied in this disserta-
tion, a particularly effective instantiation represents the plan as a sequence of questions
b= (q,-..,qr), where each question ¢; is answerable from the evidence x, and each
output sentence corresponds to an answer. This representation aligns with the Question
under Discussion (QUD) perspective introduced earlier. A well-formed summary can
be viewed as a concise sequence of answers to the most salient information needs raised
by the source (Wu et al. 2024b).

Beyond guiding organization, explicit plans also support controllability and post-

hoc verification (see Figure 2.11). By editing the plan b, for example, by simplifying
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Figure 2.11: Planning as an interface for controllability and verification.

questions for non-expert readers or removing questions to increase compression, one
can modify the resulting output in a targeted manner. Moreover, because each sentence
is grounded in a corresponding question, the plan provides a transparent checklist of
intended claims, thereby facilitating auditing and interpretation (Scialom et al. 2021).

2.5.2 Planning across Modalities and Audiences

Planning becomes particularly valuable when the evidence supporting an answer is dis-
tributed across multiple modalities. As illustrated in Figure 2.12, multimodal inputs
may encode complementary forms of information. Core premises may be conveyed
through speech, quantitative details through visual elements such as charts, and defini-
tions through accompanying text or slides (Liu et al. 2025a). In such settings, models
that generate directly from a fused multimodal representation can appear coherent while
omitting a crucial qualifier that is present only in one modality. These errors can be
especially difficult to detect, as the generated sentences remain contextually fluent and
contextually plausible. Planning mitigates this fragility by explicitly making the infor-
mational pathway. Rather than relying on implicit decoding dynamics to infer modality-
specific support for each detail, a plan articulates the intended function of each sentence
and ensures that it is answerable from the available evidence.

Differences in the audience also shape what constitutes an appropriate plan. In

expert-oriented summaries, plans can presuppose domain-specific knowledge and fo-
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Figure 2.12: Planning as a mechanism for linking multimodal evidence to sentence-level intents.

cus on methodological rigor, empirical results, and nuanced limitations that are salient to
specialists. In contrast, lay-oriented summaries require plans that foreground definitions,
background context, and explanatory elements that support comprehension without al-
tering the underlying claims (Wu et al. 2023b). A question-based planning framework
renders this linkage concrete by treating explanatory sentences as answers to questions
raised by preceding claims (Cardenas et al. 2023). It also enables control over where
explanations appear, since the plan can specify which claims should trigger additional

questions that invite clarification.

2.6 Evaluation and Verification

This section provides background on the evaluation of generation systems across the
settings examined in this dissertation. Evaluation is inherently challenging because mul-
tiple outputs may be acceptable under different compression levels, audience assump-
tions, or task requirements, and sentence-level fluency alone does not guarantee that an
output is informative, well-organized, or faithful to the underlying evidence. In this sec-
tion, we first review commonly used automatic quality metrics (Section 2.6.1), and then
discuss verification-oriented metrics that assess grounding and factual consistency, par-
ticularly in settings involving long inputs, multimodal evidence, or retrieved passages
(Section 2.6.2). We further describe the human evaluation protocols adopted across all
experimental chapters (Section 2.6.3), and introduce the LLM-as-a-judge paradigm as a

scalable complement to human annotation (Section 2.6.4).
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2.6.1 Automatic Quality Metrics

Automatic evaluation often begins with reference-based metrics that compare a gener-
ated answer y against one or more human-written references r. These metrics are widely
adopted because they are relatively inexpensive to compute, reproducible across stud-
ies, and straightforward to aggregate at scale. They operationalize informativeness as
similarity to a trusted target realization, while acknowledging that overlap-based com-
parisons are only an approximation because multiple phrasings can express the same
content, and reference answers themselves may differ in content selection, level of de-
tail, or ordering. With these limitations in mind, we review the reference-based metrics

employed throughout this dissertation below.

Similarity and Coverage Metrics. Lexical and semantic similarity metrics aim to
assess how well a generated answer y aligns with one or more human-written references
r. This dissertation adopts several widely used reference-based metrics, each capturing

a different facet of similarity or coverage under various assumptions of equivalence.

* Exact Match (EM) measures the proportion of model predictions that exactly
match the ground truth answers. It is a binary measure that assigns a score of one
for a perfect match and zero otherwise.

* ROUGE (Lin. 2004) calculates overlap between tokens derived from y and . We
report F1 variants of Rouge-1 (R1), Rouge-2 (R2), Rouge-L (RL), and Rouge-
Lsum (RLsum) depending on the setting. Rouge-1 and Rouge-2 emphasize uni-
gram and bigram overlap, while Rouge-L and Rouge-Lsum use longest common
subsequence matching.

* BERTScore (Zhang et al. 2020b) measures semantic similarity by aligning con-
textual embeddings between y and r.

* METEOR (Banerjee et al. 2005) performs unigram-level matching with support for
stemming, synonymy, and paraphrase mappings, and computes a recall-biased
harmonic mean of precision and recall.

» sacreBLEU (Post. 2018) reports standardized BLEU-style n-gram precision using
consistent tokenization and smoothing protocols, allowing reproducible compar-
isons across systems.

* NIST (Lin et al. 2003) extends BLEU by weighting n-grams based on their infor-

mation content, assigning higher scores to rare, content-bearing expressions.
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* CIDEr-D (Vedantam et al. 2015) computes TF-IDF—-weighted n-gram similarity
to reference answers, with length-based penalties that downweight repetitive or
overly verbose matches.

Reference-based metrics provide useful signals for assessing coverage and phras-
ing similarity, but they are not designed to capture whether ordering decisions preserve
document-level organization or whether interpretive qualifiers are retained. For this rea-
son, this dissertation treats such scores as complementary indicators of informativeness
with respect to the reference answers, rather than as standalone proxies for discourse

coherence or answer quality.

Readability Metrics. When summaries are intended for non-expert audiences, it is
important to assess readability and the extent to which explanatory content is included.
This dissertation employs D-SARI (Sun et al. 2021) and the Flesch Reading Ease metric
(FRE Kincaid et al. 1975) as readability-oriented measures, both reported on a 0—100

scale, with higher values indicating more accessible text.

* D-SARI extends the sentence-level SARI metric to the document level and evalu-
ates the quality of simplification operations by measuring how well a system per-
forms lexical additions, deletions, and retentions relative to both the source doc-
ument and reference simplifications. It is particularly suited for document-level
summarization tasks where simplification spans multiple sentences and structural
reorganization may occur.

* FRE estimates readability based on two surface-level properties of the text, namely
the average number of words per sentence and the average number of syllables per
word. Texts with shorter sentences and fewer multi-syllabic words receive higher
FRE scores, which indicates greater ease of reading.

 Chapter 6 introduces ExpRatio, defined as the proportion of explanatory EDUs
among all EDUs in a generated summary. This metric serves as an indicator of
how frequently the model inserts explanatory units in relation to central claim-

bearing content.

2.6.2 Grounding and Factuality Metrics

Grounding and factuality assessments aim to evaluate whether the claims expressed in a

generated answer are adequately supported by the available evidence. This dissertation
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employs several grounding-oriented metrics selected to match the evidence modality of

the source input and the predominant factual risks specific to each setting.

» SummaC (Laban etal. 2022) detects semantic inconsistency by decomposing source
inputs and generated summaries into sentence-level units and aggregating entailment-
style scores over all possible sentence pairs.

» VideoScore (Heetal. 2024) provides fine-grained, multi-aspect alignment scores
for evaluating consistency between textual answers and multimodal evidence com-
posed of video, speech, and visual frames.

* FactVC (Liu et al. 2023d) quantifies factual consistency between generated text
and video content by combining coarse-grained similarity and fine-grained match-
ing, with values reported on a 0 to 100 scale.

» VeriScore (Song et al. 2024b) supports external verification by checking whether
extracted claims from the generated answer can be corroborated using external

knowledge sources.

While these automatic metrics provide useful quantitative signals, each category has
notable limitations. Reference-based metrics such as ROUGE and BERTScore primarily
capture lexical and semantic overlap with reference answers but cannot assess whether
content is correctly ordered, whether cross-sentence transitions are coherent, or whether
interpretive qualifiers are preserved. Readability metrics such as D-SARI and FRE oper-
ate on surface-level textual properties and do not evaluate whether explanations are ac-
curate, well-placed, or serve appropriate discourse functions. Similarly, grounding and
factuality metrics such as SummaC and VeriScore operate at the claim or sentence level
and may miss document-level consistency issues, such as contradictions between distant
paragraphs or factual distortions introduced by incorrect cross-sentence inference. More
broadly, coherence failures often manifest as distortions in cross-sentence structure or
logical flow that can persist even when local phrasing appears fluent and relevant. No

single automatic metric is designed to capture all of these dimensions simultaneously.

2.6.3 Human Evaluation

To address the limitations of automatic metrics, this dissertation incorporates human
evaluation across all experimental chapters. Human judges rate generated outputs across

multiple quality dimensions tailored to each task setting. Common dimensions include
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faithfulness, which assesses whether the generated answer accurately reflects the source
content without introducing unsupported claims; relevance, which measures whether the
selected content addresses the central topics of the source; informativeness, which eval-
uates the coverage of important details; conciseness, which captures whether the gen-
erated answer avoids unnecessary redundancy; and coherence, which assesses whether
sentences follow a logical order and form a well-structured whole. For lay summariza-
tion (Chapter 6), two additional dimensions are introduced, namely explanation accu-
racy and explanation usefulness, which evaluate whether explanatory content is factually
correct and whether it genuinely aids comprehension. Across all chapters, each gener-
ated answer is independently rated by annotators. However, human evaluation is inher-
ently constrained by the time and cost of annotation. Due to the considerable length of
source inputs in text generation from long-document and video settings, it is impractical

to scale human evaluation through crowdsourcing.

2.6.4 LLM-as-a-Judge

To facilitate larger-scale evaluation while approximating human judgment, this disserta-
tion also adopts the LLM-as-a-judge paradigm (Liu et al. 2023f; Zheng et al. 2023; Liusie
et al. 2024). In this approach, a large (multimodal) language model is prompted to evalu-
ate generated answers along the same dimensions used in human evaluation. Across all
experimental chapters, LLM-based evaluators generally exhibit substantial agreement
with human judges on relative ranking and score distributions. Nevertheless, several
known limitations apply. LLM evaluators may exhibit biases inherited from pretraining,
such as favoring certain surface-level stylistic patterns or penalizing unconventional but
valid phrasings. Prior work has also shown that pairwise comparative assessment tends
to outperform absolute scoring in terms of alignment with human preferences (Liusie
et al. 2024; Liu et al. 2024d). These findings suggest that LLM-as-a-judge evaluation
is a useful complement to human annotation but should not be treated as a standalone
substitute, particularly for aspects that require deeper contextual reasoning.

Last but not least, this dissertation interprets automatic indicators, human evalua-
tions, and LLM-based assessments as complementary perspectives on output quality.
Automatic metrics provide efficient, reproducible coverage of surface-level properties.
Human evaluations offer fine-grained judgments on dimensions that require contextual

understanding, such as coherence, faithfulness, and explanation usefulness. LLM-as-a-
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judge evaluations bridge the gap between the two by enabling larger-scale assessments
that approximate human preferences, with the caveat that their judgments require vali-

dation against human ratings in each task setting.

2.7 Chapter Summary

This chapter has outlined the conceptual and technical foundations for studying text
generation as an evidence-conditioned task under long-context and retrieval-augmented
constraints. This chapter introduced discourse structure, parameter-efficient adaptation,
planning mechanisms, and retrieval-augmented generation as components for reason-
ing about content selection, macro-level organization, explanation design, and evidence
integration from external sources. This chapter also surveyed evaluation and verifica-
tion strategies, emphasizing the importance of aligning quality metrics with grounding
checks in settings involving extended textual inputs, multimodal sources, or indepen-
dently retrieved passages. These perspectives provide the theoretical scaffolding for the
models, methods, and empirical analyses presented in the subsequent chapters of this

dissertation.



Discourse-Aware Attention for Text
Summarization

The challenge of long-document summarization lies not only in length compression but,
more crucially, in identifying which information is worth preserving across large spans
oftext. Chapter 2 frames summarization as a conditional generation task under evidence-
limited conditions and highlights the asynchrony between local readability and global
document usability. In other words, when premises, constraints, and conclusions are
distributed across distant positions in a long document, text generation models often
access only partial information due to constrained input interfaces, which increases the
likelihood of content selection errors and incoherent sentence transitions. Furthermore,
while sparse attention mechanisms (e.g., sliding-window attention) enhance computa-
tional feasibility for long inputs, they may also weaken the explicit pathways that trans-
mit inter-paragraph dependencies. Against this backdrop, Research Question 1 (RQI)
focuses on how to transform discourse structure into an uncertainty-aware signal that can
directly inform content selection and ordering decisions, instead of one that is relegated

to post-processing or constrained by a static parse tree.

To this end, Chapter 3 tests Hypothesis I that a distributional representation of dis-
course structures, rather than a single-best parse, may help mitigate information loss
caused by erroneous or overconfident discourse labels. This, in turn, enables the sum-
marization model to make more robust decisions about content organization under struc-
tural ambiguity and parsing noise. Concretely, Chapter 3 adopts Rhetorical Structure

Theory (RST) to represent discourse relations and proposes to transform n-best dis-

41
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course parses, along with their confidence scores, into a Labeled Discourse Distribution
(LDD) tensor. This tensor is then aligned and injected into the Longformer model’s
sliding-window attention computation through soft modulation of the attention scores.
This design introduces discourse-aware inductive bias and preserves the computational
structure of long-input encoding. Subsequent experiments on long-document summa-
rization datasets such as BookSum, eLife, and Multi-LexSum evaluate the utility of this
distributed discourse signal across dimensions such as content coverage, coherence, and
faculty consistency. Chapter 3 also compares variants that incorporate only structural
uncertainty with those that include relation-type distributions and analyzes their relative

impact on model performance and behavior.

3.1 Problem Formulation

For writing a good summary of a long document, it is of paramount importance to dis-
cern the salient information within the text and to comprehend the intricate intercon-
nections among its various components. Contemporary leading-edge systems for ab-
stractive (long) text summarization employ Transformer (Vaswani et al. 2017) encoder-
decoder architecture (Zaheer et al. 2020; Guo et al. 2022). These sequence-to-sequence
models first transform the source document into a high-dimensional content representa-
tion and then decode the predicted summary conditioned on the representation (Belinkov
et al. 2018; Xu et al. 2019; Cao et al. 2022b; Balachandran et al. 2021). It has been
demonstrated in the past that such an architecture does a poor job of digging high-level
discourse structure during the encoding phase (Lin et al. 2019; Zhang et al. 2020c; Koto
et al. 2021a; Wynter et al. 2023). However, discourse structure is important for deciding
what to include vs. not to include in the summary (Marcu. 1997; Marcu. 1999b; Marcu.
1998; Zhong et al. 2020). Given that previous work has indicated that the performance
of neural language models can be enhanced through the incorporation of latent structure
information (Ettinger. 2020; Qian et al. 2021; Liu et al. 2022b), we will here explore
the integration of discourse relation structure into the Longformer model (Beltagy et al.
2020); this architecture has been shown to be particularly suitable for encoding long
input texts.

Rhetorical Structure Theory (RST) serves as a discourse framework designed to
articulate the interrelationships among sentences at the document level. This frame-

work distinguishes a plethora of coherence relations delineating the manner in which
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EDU1-3 : Elaboration

Nucleus Satellite

EDU2-3 : Concession

Satellite Nucleus

Figure 3.1: An example of RST tree: [Rhetorical structure theory (RST) is a theory of text

organization.]*PV! [Although the RST structure is difficult to annotate,]*PU? [there are still many

scholars who have studied it.]¥PY3

two text segments are interconnected (e.g., one segment might give a reason for a claim
made in another segment, or alternatively, two segments may contrast with one another).
Moreover, RST distinguishes between paratactic relations, where both segments carry
equivalent discourse importance, and hypotactic relations, which classify the segment
of greater centrality to the overarching discourse structure as the nucleus and the less
central one as the satellite. Figure 3.1 shows a simple example of an RST tree. In this
instance, EDU; serves as the nucleus of the elaboration relation, whereas the combina-
tion of EDU, and EDUj3 constitutes the satellite of said relation. Furthermore, we can
sec that EDU3 assumes a more central role within the concession relation, hence it is
marked as its nucleus, while EDUs is less important. If EDU, was left out, the elabora-
tion relation between EDU; and EDU; would still hold, but if EDU3 was removed, an
elaboration relation between EDU; and EDU, would not hold, and the coherence would
be lost. As has been recognized early on Marcu. 1997; Marcu. 1999b, this discourse
information can be effectively used in summarization tasks.

While there have been some previous attempts at integrating discourse structure into
neural text summarization models, as seen in Gabriel et al. (2021), Dong et al. (2021),
Xiao etal. (2020), Xu et al. (2020), and Cohan et al. (2018), these approaches do not uti-
lize relation labels and solely consider the 1-best RST tree obtained from preprocessing

of a discourse parser. We argue that this leads to two significant issues. Firstly, infor-
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mation pertaining to the relation type is overlooked, despite its known relevance to the
summarization task. Secondly, there may be benefits in considering distributions over
coherence relation labels, rather than limiting analysis to the 1-best results (Liu et al.
2022b). One reason is that external discourse parsers are known to perform poorly on
out-of-domain data (Atwell et al. 2022; Liu et al. 2021e; Gessler et al. 2021; Koto et al.
2021b; Liu et al. 2020; Nguyen et al. 2021), and may hence propagate errors into the
summarization model. There is a subsequent risk that these errors will be incrementally
amplified during back-propagation, thus potentially impairing the model’s performance.
A second reason is that there might inherently be several coherence relations holding at
the same time (Yung et al. 2022), which might be beneficial to represent through the dis-
tributions of the discourse structure. Hence, we posit that the output of the RST parser
holds greater significance when it not only provides the model with the n-best results but
also conveys the remaining uncertainty associated with them. In the remainder of the
chapter, we explore whether incorporating the labeled discourse relation structure with
uncertainty, which can be understood as the distributions of discourse structure, into the

attention mechanism can augment the performance of neural summarization models.

3.2 Methodology

In the realm of document discourse parsing, the performance of the RST parser leaves
much to be desired (Yu et al. 2022; Nguyen et al. 2021; Liu et al. 2021e), with parsing
performance deteriorating in conjunction with escalating document complexity. Merely
passing the 1-best RST tree risks imparting misleading information to the summarization
model. Inspired by Liu et al. (2022b), the approach to alleviating the aforementioned
problems is that we retain uncertainty inside the parser, which can convey the parser’s
confidence in each discourse relation. Furthermore, we contend that discourse relation
labels (types) can provide more fine-grained labeled probability distributions that can
assist attention heads of the Transformer-based model to capture the importance of dif-
ferent discourse units. This in turn would contribute to a more precise estimation of the
context vector and can enhance the quality of source document encoding. Discourse
parsers tend to be more precise (and have more peaked probability distributions) for
local coherence relations, which span only a short amount of text, compared to global
relations spanning large portions of a text. This aligns well with the dilated (yet still

limited) sliding window attention mechanism of the Longformer (Beltagy et al. 2020).
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We, therefore, integrate the probability distributions over local coherence relations into
the attention window w of the Longformer.

RST Tensor with Labeled Distributions. The discourse-driven neural seq2seq sum-

marization task can be modeled as follows:

T
P(t|s,d) =~ H P(t;|t<;, encode(s, d)) (3.1)
i=1

In the above equation, s, ¢, and d denote the source, target sequence, and discourse
representation, respectively. 7" signifies the target sequence length and encode(-) repre-
sents the encoder of the summarization model. Previous research (Xu et al. 2020; Cohan
et al. 2018; Dong et al. 2021; Li et al. 2020c; Chen et al. 2021) has confirmed that the
probability of generating appropriate summaries by incorporating d into the model’s
encoder is greater than the probability of generating proper summaries without the in-
corporation of d. Therefore, our main idea is to find a better method to incorporate
discourse structure d. To inject discourse structure, we first apply amatrixization ap-
proach to represent the discourse structure and produce a compact tensor representation

appropriate for the Longformer model (Liu et al. 2022b).
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Figure 3.2: Labeled discourse distributions.

Figure 3.2 illustrates, by an example, how we convert the graph of all potential RST
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relations (including the n-best RST trees) into a three-dimensional labeled discourse
distribution (LDD) tensor. The x-axis and y-axis of the tensor represent the elementary
discourse units (EDUs) in the source document, while the z-axis represents the type of
discourse relation. Each point represents a confidence value p(edu;, edu;,l) € [0,1] C
R of an elementary discourse unit edu; connecting to another elementary discourse unit
edu; from the source text via the relation /. It should be noted that the generation of the
LDD tensor should meet the conditions: 1) p(edu;, edu;) = 0, as no unit is dependent on
itself; 2) we only extract the relation probability of nucleus units, since nucleus EDUs

are more central to the text and should be given more attention.

chunk X

—
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LDD

LDD

’ —d—¥
chunk

Figure 3.3: Model architecture. We show a schematic diagram of incorporating LDD tensor
into the attention layer of the model. Specifically, X is the text embedding matrix, and LDD is
incorporated with the attention matrix S in the form of element-wise multiplication. In order to
ensure the consistency of matrix shape, we also apply an identical chunk method as Longformer
in LDD.

RST-Injected Sparse Attention. We propose a novel Longformer-based summariza-
tion model, RSTformer, which incorporates LDD into each layer of the Longformer
encoder in a discourse-aware manner. Given that each encoder layer shares an identical

configuration, Figure 3.3 displays one layer architecture of our proposed model. The
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standard dilated sliding window attention layer of Longformer employs a multi-head
fixed-size window attention mechanism. For a pre-specified window size w, each to-
ken attends to %w tokens on either side. For an input sequence of length 7', the input
of dilated sliding window attention heads in the RSTformer layer comprises the hid-
den representation tensor X € RT7*dmodcixh and labeled discourse distribution tensor
LDD € RT*dmoderxh wwhere d,,oq4¢; represents the size of the hidden representation and
h denotes the number of attention heads. As usual in multi-head self-attention, we mul-
tiply the text feature representation tensor with q, k, v € RmedetX@xh tg obtain the corre-
sponding Q € RT*dxh K € RT*4xh and V € RT*4*" matrices, where d = dnoder/h.

Subsequently, the attention weight matrix is obtained by:

Q-KT'
Vd

Longformer utilizes two sets of projections, Qs, K, V to compute the attention

S —

(3.2)

scores of sliding window attention, and Q,, K,, V, to compute attention scores for global
attention. Notably, Q,, K,, V, are all initialized with values that match Q;, K, V respec-
tively. The dilated sliding window attention operates by calculating a fixed number of
diagonals of QK" through sliding chunks query-key multiplication. This process yields
a resulting tensor S € RT*w+1x Qimilarly, LDD and V adopt the same chunk method

as employed by Longformer to acquire the sliding window attention matrix.

It should be noted here that we inject the sliding window attention tensor S obtained

from the preceding computation by element-wise multiplication with the LDD tensor:

S®LDD (3.3)

The motivation behind employing element-wise multiplication is to allow the learn-
ing parameters of the attention mechanism dynamically to optimize the summarization
objective, but also diverge the least from the parser probabilities in discourse distribu-
tion (Liu et al. 2022b). The estimation of attention weights is adjusted to align with
the utility of discourse relations for the ultimate summarization task. Following, the ob-
tained weights are further processed using the softmax function to derive the final tensor

representing the discourse-infused distribution:

N = softmax(S ® LDD) (3.4)
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RST type  RST label

Temporal ~ Temporal
Contingency Cause, Condition
Comparison  Comparison, Contrast, Concession, Topic-Change
Expansion  Explanation, Elaboration, Background, Topic-Comment

Table 3.1: RST relation category.

It should be emphasized that each attention head is assigned a different discourse
matrix LDD; for a specific relation [, This allocation enables heads to concentrate on
and learn different discourse labels. In doing so, attention heads can be specialized
and acquire a deeper understanding of the impact of discourse labels. The grouping of
discourse relations is listed at Table 3.1.

Finally, the discourse-injected weights N are multiplied by the value matrix V to
obtain the attention weights M for this layer and then transfer M to the next Longformer

encoder layer for further computation.

M=N-V (3.5)

3.3 Experimental Setup

Parser. We employ an external RST parser called DMRST (Liu et al. 2021e; Liu et al.
2020) to automatically parse the source documents. The probability or uncertainty of
discourse relations is extracted from the logits layer of the DMRST model.! In cases where
DMRST fails to parse the source document, we simply skip the LDD generation process

and proceed with the normal Longformer procedure.

Datasets. We conduct our experiments on three long document summarization datasets:
BookSum Chapter (Kryscinski et al. 2022), eLife (Goldsack et al. 2022), and Multi-
LexSum (Shen et al. 2022). We choose these datasets because of their high heterogene-
ity, and we want to investigate whether our approach can maintain adequate general-
ization performance across different data domains. Table 3.2 shows the statistics of the

datasets.

! https://github.com/seq-to-mind/DMRST _Parser
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Dataset Training Validation Test Avg. Doc Words Avg. Summary Words Coverage Density Compression Ratio
BookSum Chapter 9600 1431 1484 3834.40 363.81 0.764 1.504 15.198
eLife 4346 241 241 10133.07 382.69 0.819 1.761 27.650
Multi-LexSum 3177 454 908 58210.99 547.04 0926  3.394 95.390

Table 3.2: Datasets statistics.

In Table 3.2, Coverage refers to the percentage of words in the summary that are
from the source document. A higher coverage ratio indicates that a greater proportion of
summary words are derived directly from the source text. It is mainly used to measure
the degree of derivation of the summary from the text. Density is defined as the average
length of the extracted segments to which each summary word belongs (Segarra Soriano
et al. 2022). Compression ratio 1s defined as the ratio between the length of the source

document and the summary (Scialom et al. 2020).

Evaluation Metrics. We evaluate the quality of different summarization systems us-
ing Rouge-{1, 2, L} score (Lin. 2004), BERTscore (Zhang et al. 2020b), Meteor score
(Banerjee et al. 2005), {1, 2, 3, 4}-gram novelty, SummaC (Laban et al. 2022), and
sentence alignment (Liu et al. 2021c) as criteria for the model’s effectiveness.

In detail, Rouge-{1,2} is evaluated based on the co-occurrence of {1,2}-gram in
summary, while the calculation of Rouge-L uses the longest common subsequence.
BERTScore is used to compute the semantic similarity score of candidate sentences to
reference sentences through contextual embedding. Meteor is an improvement based on
BLEU (Papineni et al. 2002), which also considers the impact of sentence fluency and
synonyms on semantics. {1, 2, 3, 4}-gram novelty indicates the capacity of the model
to generate new words, rather than merely extracting words from the original text. Sum-
maC detects semantic inconsistency by segmenting documents into sentence units and

aggregating scores between sentence pairs.

Training and Inference. Hyperparameters for the baseline, proposal models, and ab-
lation models are all kept identical. We adopt the same configuration as Longformer
(Beltagy et al. 2020). All experiments are optimized using Adam (Kingma et al. 2015)
(B1=0.9, B =0.999, ¢ = 107?, and weight decay = 0.1) with Adafactor (Shazeer et al.
2018), the number of warm-up steps is 1500, and the initial learning rate is set to 3e~°
with cosine learning rate schedule. We also apply NoisyTune (Noise lambda = 0.2) (Wu
et al. 2022) for efficient fine-tuning. The size of the local attention window is w = 1024,
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and we choose cross-entropy as the loss function.

During the training phase, we save the checkpoint with the highest Rouge-2 F1 score
on the validation set as the final model. The experiments are all run for 30 epochs using
a batch size of 1 with early stopping implemented. In order to prevent over-fitting, we
set the dropout rate to 0.1 in all layers of the model. For model inference, we adopt a

beam size of 4 with a length penalty of 2.0, and we set the no-repeat n-gram size to 3.

3.4 Results and Analysis

General Results. The experimental results for each model are presented in Table 3.3.
To estimate a lower bound in performance, we simply use the original document as the
summary. Further trivial models include the Lead-3 model, which simply picks the first
three sentences of the document as the summary. Lead-K similarly extracts the first K
sentences of the document, until a similar length as the reference summary is reached.
Longformer and state-of-the-art (SOTA) models serve as our baseline and comparison
models, respectively. The remaining two models are the models we proposed. RST-
former (w/o relations) refers to the model that preserves whether there are relations be-
tween EDUs and ignores the type of relations by summing the third dimension of LDD
tensors. RSTformer (w/ relations) is the final model we propose, with the only difference
being the inclusion of the impact of RST types.

Both RSTformer versions are found to outperform the baseline model on various
measures. The higher scores reflect an improved choice of words (Rouge & Meteor
scores), and also the semantics of the text (BERTscore).> The proposed model, RST-
former, demonstrates robust generalization capabilities across different datasets, high-
lighting its potential in different summarization domains.

In most of our summarization experiments, we furthermore find that incorporating
discourse structure with types provides better experimental results than the discourse
distributions without types, even beating the SOTA model on our experimental datasets.
This observation suggests that providing more discourse information, especially type

distribution probabilities, is a promising approach.

2 The version of BERTscore we use comes from the original paper version (Zhang et al. 2020b) with
HuggingFace default API (https://huggingface.co/spaces/evaluate-metric/bertscore).
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Dataset Model Rouge-1 F1 Rouge-2 F1 Rouge-L F1 BERTscore Meteor
Full article (lower bound) 13.742 4.019 13.421 0.805 21.299
Lead-3 17.683 2.747 16.708 0.812 9.815
Lead-K 29.149 4.641 28.034 0.805 24.091
BookSum Chapter Longformer(baseline) 33.636 9.626 32.611 0.846 27.160
RSTformer(w/o relations) 33.604 10.149 32.631 0.850 26.811
RSTformer(w/ relations) 34.019 10.27511 32.870 0.8531F  27.4731
SOTA model (Kryscinski et al. 2022)  37.510 8.490 17.050 0.156 -
777777777777777 Our compared to baseline ~ +A0.383  +A0.649 +A0259 +A0.007 +A0.313
Our compared to SOTA —®3.491 4+®1.785 +P15.820 +90.697 -
Full article (lower bound) 6.893 2.327 6.675 0.831 13.864
Lead-3 16.266 3.634 15.088 0.832 7.163
Lead-K 37.188 7.971 35.151 0.832 25.331
eLife Longformer(baseline) 46.778 13.318 44317 0.855 27.921
RSTformer(w/o relations) 46.862 14.008 44.458 0.855 27.685
RSTformer(w/ relations) 48.696'1  14.8431F  46.12911 0.847  29.526'1
SOTA model (Goldsack et al. 2022)  46.570 11.650 43.700 - -
777777777777777 Our compared to baseline ~ +A1.918  +A1.525 +A1812 —A0.008 +A1.605
Our compared to SOTA +®2.126  +®3.193  4+92.429 d- P-
Full article (lower bound) 3.862 2.198 3.786 0.784 8.825
Lead-3 16.135 6.387 15.421 0.770 9.538
Lead-k 29.145 9.276 27.734 0.784 24.266
Multi-LexSum Longformer(baseline) 45.751 21.272 43.131 0.865 33.282
RSTformer(w/o relations) 46.424 22.730 43.978 0.867 33.808
RSTformer(w/ relations) 46.421 22.888ft 43.979 0.8670  33.941
SOTA model (Shen et al. 2022) 53.730 27.320 30.890 0.420 -
777777777777777 Our compared to baseline ~ +A0.670 +A1.616 +A0.848 +A0.002 +A0.659
Our compared to SOTA —07309 —$4432 +P13.089 +90.447 -

Table 3.3: Model performance. The bold numbers represent the best results with respect to the
given test set. A and & represent the improvement of our model compared to the baseline and
SOTA models, respectively. T and  indicate statistical significance (p<0.05) against the baseline
model via T-test and Kolmogorov-Smirnov test. Each result of the three distinct SOTA models
is directly replicated from their original papers.

Ablation Study. We also define two additional control conditions to examine the im-

pact of RST attention (LDD) on model performance:

* Without Attention Calculation (WAC): We skip the previous calculation of at-
tention weights and directly replace attention weights with the LDD tensor.
* Random Identical Attention (RIA): We assign fixed random values to the LDD

tensor, regardless of the probability of discourse relations.

Table 3.4 shows that the RST attention cannot fully replace the calculation of the

attention mechanism. Although the performance is lower than the baseline model, its
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Dataset Model Rouge-1 Rouge-2 Rouge-L
BookSum Longformer 33.636 9.626 32.611
RSTformer(WAC) 31.956 8.772 31.049
Chapter RSTformer(RIA) 32.881 9.067 31.899
S Longformer 46778 13318 . 44317
eLife RSTformer(WAC) 39.076 8.461 37.114
RSTformer(RIA) 41.761 10.901 40.062
e Longformer 45751 21272 43.131
Multi-LexSum RSTformer(WAC) 42.903 18.440 40.773
RSTformer(RIA) 42.213 20.785 31.219

Table 3.4: F1 scores for ablation study.

main noteworthy advantage is that it saves considerable computations and parameters.
Experiments by introducing random noise demonstrate that random values do indeed
negatively impact the model’s performance. Furthermore, it also confirms the effective-

ness of incorporating the probability distributions of discourse structure.

Human Evaluation. To better analyze the effectiveness of our model, we randomly
select 10 samples from the BookSum dataset and hire human annotators to conduct the
human evaluation. The recruited annotators are all master’s students or doctoral students
with computer science-related or computational linguistics-related backgrounds. All an-
notators are compensated with the standard hourly salary set by the university. At the
time of evaluation, we provide 3 candidate summaries for each source document, namely
outputs from our final proposed model and baseline model, along with the ground truth
summary. Each instance is assigned to 3 participants who are instructed to rate the faith-
fulness, informativeness, readability, and conciseness of the candidate summaries on a
scale of 1 to 5. They are also supposed to give an overall rank of three summaries and
identify which one is generated by humans. We provide the description of each criterion
in our human evaluation in Appendix Section A.1.

Table 3.5 reports the human evaluation results. For each human evaluation indica-
tor, we compute the average value to represent whether the candidate system has good
performance in that indicator. Best and Worst indicate the proportion of times a sum-
mary by a particular model is judged to be best or worst among the three options. While
neural summarization models still exhibit a notable performance gap when compared to
human-generated summaries, our proposed model consistently outperforms the baseline

model across all metrics.
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Candidate Faithful Informative Readable Concise  Best | Worst

Human 4.40 4.83 4.83 433 83.3% | 0.0%
Longformer 2.50 2.57 3.43 2.70 6.7% | 56.7%
RSTformer(w/ relations) 2.97 2.90 3.73 3.00 10.0% | 43.7%

Table 3.5: Human evaluation results.

Sentence Alignment. We examine the alignment distributions of generated summaries
to explore whether the improved model can be closer to human-summarized text (Liu et
al. 2021c). Our results are depicted in Figure 3.4a, Figure 3.4b and Figure 3.4c. From a
broader perspective, the sentence alignment distribution of our proposed models is more
closely aligned with that of human summarizers. In addition, the generated summaries
produced by our models demonstrate a greater emphasis on the content of the second

half of the document, resulting in summaries that are more comprehensive and coherent

In nature.
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Figure 3.4: Sentence alignment distributions. L = Longformer, R(w/0) = RSTformer(w/o rela-
tions), R(w) = RSTformer(w/ relations).

N-gram Novelty & Inconsistency Detection. We also study the level of abstractive-
ness and factual consistency in the generated summaries. To evaluate the abstractive-
ness, we employed N-gram novelty as a measure to determine whether the model can
generate words that are not present in the original text, rather than solely extracting con-
tent from the source document. For inconsistency detection, we utilize the SummaC
method (Laban et al. 2022) for testing. Our results are shown in Figure 3.5 and Fig-

ure 3.6, respectively.
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Figure 3.5: N-gram novelty. L = Longformer, R(w/0) = RSTformer(w/o relations), R(w) =
RSTformer(w/ relations), BC = Booksum Chapter, ML = Multi-LexSum.
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Figure 3.6: Consistency check. L = Longformer, R(w/0) = RSTformer(w/o relations), R(w) =
RSTformer(w/ relations), BC = Booksum Chapter, ML = Multi-LexSum.

Compared with the baseline model, incorporating discourse information into the
model does increase the ability of the model to generate novel words, especially evident
in the context of 3-gram and 4-gram, the gap becomes more prominent. In addition, the
proposed model also performs better than the baseline model in terms of model con-

sistency checks. Due to the increased ability to generate creative words, the semantic
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coherence ability of the models incorporating typed discourse relations is lower than that

of models without typed discourse relations.

3.5 Related Work

Text Summarization with RST. Rhetorical Structure Theory offers a paradigm for
describing how various discourse units relate to one another in a text. The RST tree
structure, as illustrated in Marcu (1997) and Louis et al. (2010), can serve as a valuable
tool for content selection in the process of summarization. For instance, Kikuchi et al.
(2014) characterized the dependencies between sentences by constructing RST trees and
pruning the parts that are marked as satellites while preserving the important content
(nucleus) of the document as predicted summaries. Although RNN-based models are
sometimes argued to be sufficient in implicitly learning discourse and semantic relations,
Liu et al. (2019a)’s work underscored the value of explicitly integrating RST trees into
the summarization model, thereby highlighting the significance of discourse relations
for the neural summarization network. It is also worth noting that while the attention
mechanism can more effectively uncover discourse relations without explicit training, it
tends to unearth only superficial discourse structure and is often prone to mistakes (Vig
et al. 2019; Sachan et al. 2021; Xiao et al. 2021; Huber et al. 2022; Davis et al. 2020).
Although attention-based models excel in executing downstream tasks such as sum-
marization, the explicit incorporation of discourse relations can yield additional benefits.
Work highly related to ours includes the model of Xiao et al. (2020), which improved
the performance of an extractive summarization model by transmuting the RST structure
into a dependency tree and explicitly integrating it into the computation of the attention
mechanism. Follow-up works Xu et al. (2020) and Dong et al. (2021) further confirmed
the influence of RST structure on improving attention mechanism by incorporating dis-
course structure into a transformer-based model and a graph neural network model for
the summarization task, respectively. However, all of these neural strategies apply the

one-best structure derived from an external discourse parser.

Text Summarization with Longformer. The Longformer model (Beltagy et al. 2020),
based on a sparse attention mechanism, is considered to be an effective means for pro-
cessing long documents. Its essence is to make each token only pay attention to a window

of a certain size, so that the time complexity of the model is reduced from a quadratic
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correlation with the text length to a linear correlation. Longformer-related models have
since been employed in several summarization tasks (e.g., Zhang et al. 2022; Otmakhova
et al. 2022; Elaraby et al. 2022; Xie et al. 2022; Liu et al. 2022a).

At the same time, there have also been recent attempts at integrating text structure
information with the Longformer model in summarization tasks. Huang et al. (2021)
first employed the Longformer to encode input documents and propose an extractive
summarization model based on a heterogeneous graph of discourse and coreference re-
lations. Liu et al. (2021b) extended the Longformer to model different types of semantic
nodes in the original text as heterogeneous graphs and directly learn relations between
nodes. Specifically, they treated tokens, entities, and sentences as different types of
nodes, and the multiple sparse masks as different types of edges to represent relations
(e.g., token-to-token, token-to-sentence). Elaraby et al. (2022) improved the perfor-
mance of the strong baseline Longformer by integrating argument role labeling into the
summarization process to capture the argumentative structure of legal documents. Ruan
et al. (2022) and Cao et al. (2022b) enhanced extractive and abstractive summarization
tasks, respectively, by introducing the text’s hierarchical structure (e.g., section title)

into the Longformer model.

3.6 Chapter Summary

This chapter addressed Research Question 1 by investigating how discourse structure
can be transformed into an uncertainty-aware signal that directly participates in content
selection and ordering for long-document summarization. The proposed RSTformer
model integrates labeled discourse distributions into the sliding-window attention of
Longformer, allowing the encoder to modulate attention weights according to both the
type and the confidence of rhetorical relations between elementary discourse units. Ex-
periments on BookSum Chapter, eLife, and Multi-LexSum showed that retaining rela-
tion types and parsing uncertainty together tends to yield more consistent improvements
than using either in isolation, and that the distributional representation is less susceptible
to error propagation from the external parser than a single deterministic tree.

These findings offer support for Hypothesis I and suggest that distributional dis-
course representations can serve as a viable soft guidance mechanism for long-document
encoding. At the same time, the experiments in this chapter assumed a fully trainable

encoder, where all model parameters could be updated to absorb the discourse signal.
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As model sizes and input lengths continue to grow, this assumption becomes increas-
ingly impractical. The next chapter examines whether the same type of discourse guid-
ance remains effective when the update budget is severely constrained, as is the case in

parameter-efficient fine-tuning.






Discourse-Aware LoRA for Text
Summarization

Chapter 3 establishes that discourse structure, when represented as uncertainty-aware
distributions rather than deterministic parses, can better guide content selection and or-
ganization in long-document summarization. The preceding chapter extends RST pars-
ing outputs from a single 1-best tree to a type-aware probabilistic distribution and injects
this distributed information into the local attention computations of Longformer, which
leads to consistent improvements across multiple datasets. These results provide empir-
ical support for Research Question 1 (RQ1) and Hypothesis I and confirm that the rep-
resentation of discourse relations in a distributed form proves more conducive to model
absorption under parsing noise and structural ambiguity. However, the method pro-
posed in Chapter 3 assumes a relatively unconstrained training regime, where the model
can freely update its full set of parameters. As model sizes and input lengths increase,
this assumption becomes less viable due to the rapidly rising GPU memory and com-
putational costs associated with long-sequence training. In practice, a common strategy
is to freeze most model parameters and update only a small subset incrementally via
parameter-efficient fine-tuning (PEFT). This approach achieves a more tractable trade-
off between training feasibility and deployment cost. Against this backdrop, Research
Question 2 (RQ2) asks how discourse signals can reliably guide content selection and
organization under such constrained adaptation regimes with limited update capacity

and computational resources.

To this end, Chapter 4 tests Hypothesis II that, when integrated as structured and

59
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uncertainty-aware guidance, discourse signals can exert an influence on content selec-
tion and inter-sentential organization even under constrained parameter update budgets.
Concretely, we focus on the Low-Rank Adaptation (LoRA) framework, where weight
updates are approximated by low-rank matrices. Prior work suggests that PEFT tends
to improve surface-level fluency but struggles to consistently shape sentence organiza-
tion or content selection, partly because discourse relations are not explicitly visible in
the input as supervised labels. To address this issue, Chapter 4 investigates whether
RST-based discourse knowledge can provide soft guidance to the LoRA training pro-
cess without increasing the number of trainable parameters. Instead of a binary choice
regarding the presence of discourse structure, we decompose the discourse signal into
four controllable injection forms along two axes, namely binary vs. probabilistic val-
ues (b vs. p) and coarse-grained (structure-only, wo) vs. fine-grained (relation-aware,
w) granularity. The n-best discourse forests and their associated confidence scores are
transformed into compact discourse distribution matrices, which serve as modulation co-
efficients applied via element-wise multiplication to LoORA’s input representations. Sub-
sequent experiments on Longformer and Vicuna backbones across the Multi-LexSum,
eLife, and BookSum datasets evaluate whether retaining uncertainty and discourse re-
lation types can still yield measurable gains under PEFT constraints. Chapter 4 also
compares variants that incorporate only structural information with those that include
relation-type distributions and analyzes their relative impact on summarization quality

and factual consistency.

4.1 Problem Formulation

The advent of pre-trained large language models (LLMs), such as LLaMA (Touvron et
al. 2023), Vicuna (Zheng et al. 2023), and GPT-related models from OpenAl (OpenAl.
2023), has greatly accelerated research progress in Natural Language Processing (NLP).
With the continual growth in the scale of LLMs, the requirements for both software and
hardware in order to fully fine-tune LLMs to adapt to downstream tasks, especially in
processing long sequence data, will become increasingly demanding (Gu et al. 2022;
Liu et al. 2024Db).

Parameter-Efficient Fine-Tuning (PEFT) strategies are noteworthy in mitigating the
aforementioned problem by reducing the number of parameters that need to be adjusted
(Chenetal. 2022; AkbarTajari et al. 2022; Mao et al. 2022a; Gheini et al. 2023; Badola et
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al. 2023; Zhang et al. 2023c; Lawton et al. 2023). Some studies have highlighted that by
updating only 0.01-1% of the (additional) parameters and freezing all other parameters
of LLMs, PEFT methods can match or even exceed the performance of vanilla full-
parameter fine-tuning (Li et al. 2021; Hu et al. 2022; Asai et al. 2022; Yang et al. 2022;
Guetal. 2023; Liao et al. 2023; Zhang et al. 2023c; Li et al. 2023; Lei et al. 2023; Zhang
et al. 2023b; Chen et al. 2023; Lawton et al. 2023). Among these methods, the LoRA
algorithm (Low-Rank Adaptation, Hu et al. 2022) has achieved state-of-the-art (SOTA)
performance due to its ability to circumvent the latency associated with adapter tuning
(Houlsby et al. 2019) as well as the input length constraints of prefix/prompt tuning
(Lietal. 2021; Lester et al. 2021) during model training and inference (He et al. 2022;
Ghazvininejad et al. 2022; Dettmers et al. 2023; Zhang et al. 2023b; Whitehouse et al.
2024; Ding et al. 2023).

Recent investigations (Ustiin et al. 2022; Ponti et al. 2023; Zhao et al. 2023; Zeng et
al. 2023; Zhang et al. 2023c; Wan et al. 2023; Liu et al. 2023¢) have revealed that PEFT
strategies face challenges in distinguishing latent text relations and determining the im-
portance level of different sentences during fine-tuning. This issue arises because such
distinctions are not a primary focus in PEFT’s learning process and are not explicitly
represented in the input data. However, this is essential for the task of long document
summarization since generating a good summary often requires natural language gener-
ation (NLG) models to have the ability to discern salient information within the text and

comprehend the intricate interrelations among different text components.

Our approach proposed here takes inspiration from Liu et al. (2023c), who have
advised that explicitly integrating document structure and/or discourse knowledge can
enhance the performance of neural summarization models when fully fine-tuning the
NLG models. This motivates us to investigate the following research questions: Can
the Rhetorical Structure Theory (RST, Mann et al. 1987) improve the performance of
LoRA strategy in summarizing lengthy documents? Specifically, we want to explore and
verify whether infusing RST knowledge into LoRA can improve the performance of long
document summarization. To answer this question, this chapter will propose, introduce,
and integrate four RST structure variants to guide the training of LoRA. These variants
include (7) binary (ii) probability RST distribution, both with (w/) and without(w/0)

relation labels.
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4.2 Methodology

A limitation observed with LoRA and other PEFT methods during the fine-tuning phase
is that, while their primary function is to act as a low-rank approximation of the weight
matrices in LLMs, they do not adequately capture textual context relations (He et al.
2022; Ghazvininejad et al. 2022; Wan et al. 2023; Zhang et al. 2023c). One of the rea-
sons is that LoRA is not driven or guided by discourse knowledge during the training
phase, because this part of knowledge is not explicitly present in the input data (Ustiin
etal. 2022; Zhao et al. 2023). In addition, the matrices obtained by low-rank approxima-
tion strategies may have more difficulty in capturing complex textual discourse relations
due to the smaller semantic space that can be expressed when compared to LLMs’ weight
matrices (Wan et al. 2023; Zhang et al. 2023c; Tomanek et al. 2021). Hence, we propose
a method that directly and explicitly incorporates discourse architecture into LoRA. This
approach allows LoRA’s adaptation mechanism for downstream tasks to discern intri-
cate text relations through soft guidance, which can leverage contextual discourse con-
nections and steer the learning trajectory toward a discourse-informed summarization

Process.
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Figure 4.1: RST distribution.
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RST Distribution. Our approach builds upon prior practice (Chen et al. 2017; Xiao
et al. 2020; Bugliarello et al. 2020; Liu et al. 2022b; Liu et al. 2023c; Zhao et al. 2023)
of integrating linguistic structures (such as syntactic structure, discourse structure, etc.)
into neural NLG models. To infuse discourse structure into LORA, we begin by convert-
ing RST structures, generated by an RST parser, into a compact matrix representation. !
Figure 4.1 exemplifies how to transmute the full potential RST structures (n-best RST
forests) into a three-dimensional discourse matrix (Liu et al. 2023c). In this matrix, the x
and y axes correspond to the elementary discourse units (EDUs) within the source doc-
ument, while the z-axis denotes the discourse relation label. Each point of the matrix
indicates the probability value p(edu;, edu;, ) € [0, 1] C R that edu; is the nucleus of
edu; with discourse relation 7. It should be noted that Vi = j, p(edu;, edu;,ry) = 0,
since no unit is self-dependent. Next, we average and merge the y-axis of the matrix, and
the merged value c(edu;, %, 7)) is called the importance index of edu; with relation
rr. The RST distribution is then obtained by combining all ¢(edu;, Wuj, r1). Based on

this, we propose four fine-grained RST matrix distributions:

« RST?_ : A binary, label-agnostic representation collapsing probabilities into a simple
1-or-0 regarding discourse connections.

« RST": An extension of the binary distribution that includes relation labels, enriching
the binary decisions with relational types.

* RSTP? : A probabilistic representation that omits labels, focusing instead on the prob-
abilities to express uncertainty in discourse connections.

* RSTP: The most granular representation, retaining both types of discourse relations

and their probabilistic weights for a full-fledged representation of discourse nuances.

The inclusion of the relation label is contingent on whether we perform average-and-
merge along the relation dimension (z-axis). Whether the approach is binary or based
on uncertainty hinges on whether we replace the probability value with 1 or 0. In the
binary cases, probabilities equal to or above 0.5 are replaced with 1, else with 0. Previous
researchers (such as Xu et al. (2020) and Dong et al. (2021)) considered the 1-best tree,
representing binary relations outputted from parsers into summarization models (also
the case of our first two variants). The latter two variants utilize the parser’s output

probabilities as confidence indicators for discourse connections (Liu et al. 2023c).

"https://github.com/seq-to-mind/DMRST_Parser
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RST-Aware Injection. In the process of vanilla LoRA fine-tuning, let 17 "<
denote the fine-tuned LLM’s parameters, and W4, *"* represent the parameters be-
fore fine-tuning. The change in parameters is represented by AW, 5, where A and B

correspond to the dimensions of the parameter matrix:

fine—tuned __ pre—trained

In other words, the parameters after fine-tuning can be obtained by adding a matrix

representing the variation to the parameters of the original, pre-fine-tuned model.

AWaxp =~ O[(WL WL L)) (4.2)

r < min(A, B) (4.3)

The objective of the LoRA strategy is to learn the mapping method ¢ that can pro-
vide an approximation of the matrix representing parameter variations (Hu et al. 2022).
Typically, the rank value r is considerably smaller than both A and B, so that the to-
tal number of parameters of W49 and W7 is significantly smaller than W, 5. For
a given input document X to the linear projection in the model’s hidden layer, LoORA

modifies the projection output (hidden representation) i as follows:

h+ h+ X(WEenw'? ) (4.4)

In its current form, LoRA treats both satellite and nucleus EDUs in documents equally
and only recognizes their difference during the back-propagation process. This issue is
also noted in the analyses by Ghazvininejad et al. (2022) and Zhao et al. (2023), who
also discovered that PEFT faces challenges in understanding the complex relations be-
tween sentences and the differences in importance level between text segments during
its learning process. Therefore, we soft-guide the learning process by injecting the RST
structure (i.e., the matrix presentation mentioned above) into the text embedding matrix

of LoRA, as shown in Figure 4.2. Specifically:

heh+ (X © 1 +9) (WA WLp)] (4.5)

Here, v denotes the weight coefficient matrix, or more precisely, the RST distribu-

tion matrix. The operation © signifies element-wise multiplication, and the motivation
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Figure 4.2: Model architecture. The diagram illustrates the integration of the RST matrix into
the LoRA model. The left side is the original LoRA, while the right side depicts our proposed
method RST-LoRA.

behind employing element-wise multiplication is that it can amplify the impact of prob-
ability values on the input X matrix, creating an RST-injected matrix with greater distri-
butional variance; in contrast, element-wise addition would exert a lesser impact on X.
It should be noted that the RST parser operates at the EDU level, meaning that sub-word
units within the same EDU share the same multiplication factor, embedding the same
probability value across the entire EDU into X. The estimates of learned parameters
Wdown and WP, are adjusted to match the utility of discourse knowledge for the ulti-
mate summarization purpose. Each element of 7y is constrained to be non-negative. The
operation of 1 + v functions as a residual connection, allowing discourse knowledge
to exert a subtle influence on the adjustment of the low-rank weight matrix. If we set
all elements of 7 to a uniform value 9, including zero, the adjustment to the low-rank

matrices would revert to the conventional LoRA approach.

4.3 Experimental Setup

Datasets. Our experiments are conducted on three long document summarization datasets:
Multi-LexSum (ML, Shen et al. 2022), eLife (Goldsack et al. 2022), and BookSum
Chapter (BC, Kryscinski et al. 2022).

Parser. For automatic parsing of source documents, we employ the DMRST parser (Liu

et al. 2020; Liu et al. 2021¢), which enables us to extract probabilities or uncertainties
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of discourse relations and type labels from its final logits layer.

Automatic Metrics. Aligning with previous work for evaluating summarization sys-
tems (Narayan et al. 2018; Liu et al. 2023g; Blinova et al. 2023), we use F1 scores of
Rouge-1 (R1), Rouge-2 (R2), Rouge-L (RL), and Rouge-Lsum (RLsum) (Lin. 2004),
BERTScore (Zhang et al. 2020b), METEOR (Banerjee et al. 2005), sacreBLEU (Post.
2018), and NIST (Lin et al. 2003) for the model’s performance evaluation.

Training & Inference. We operate Longformer (Beltagy et al. 2020) and Vicunal3B-
16k (Zheng et al. 2023) as our baseline backbone models. Longformer is a state-of-
the-art, open-source model optimized for handling long documents under a Seq2Seq
architecture. Meanwhile, Vicuna is another SOTA model based on GPT architecture.
Our objective in using these models is to demonstrate the generalizability of our strategy
across different architectural frameworks. We also include GPT-4 (OpenAl. 2023) as
one of our comparative models. It should be noted that for GPT-4, we use both zero-
shot learning (ZS) and in-context learning (ICL) with demonstrations from two randomly
selected samples from the training datasets.> Besides, we compare our results with both
the original full parameter fine-tuning (FFT) and the vanilla LoRA fine-tuning. All
open-source models, including the baseline, proposed, and ablation models, adhere to
identical hyperparameter settings.

Specifically, all experiments are optimized using the Adam (Kingma et al. 2015)
optimizer (with 8; = 0.9, 3, = 0.999, € = 107, and weight decay = 0.1) and Adafactor
(Shazeer et al. 2018), with a warm-up ratio of 0.2. The initial learning rate is set to Se-5,
with a cosine learning rate schedule. Additionally, within the LoRA strategy, we set a
constant rank r to 8, the scaling a to 32, and the dropout rate to 0.1. During training,
we save checkpoints that achieve the highest Rouge-2 F1 score on the validation set
as the final model. All experiments are run for 50 epochs with a batch size of 16, and
early stopping is implemented to prevent over-fitting (all models converged before 50
epochs). For model inference, we employ a beam search of size 4 with a length penalty
of 3.0 and set a no-repeat n-gram size of 3.

For GPT-4, we employ GPT-4 Turbo version (gpt-4-1106-preview), which is, at the
time of experimentation (between 10 October 2023 and 15 December 2023), the best-

2 Prompts can be found in Appendix Figure B.1 and Appendix Figure B.2.
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performing publicly accessible version provided by OpenAl.* For the hyper-parameter
setting, we set temperature=1, top_p=1, frequency penalty=0.2, and presence penalty=0.2.
The remaining hyperparameters are set to their default values as recommended by Ope-
nAl

4.4 Results and Analysis

General Results. The differences in performance of different RST variants are shown
in Table 4.1. Among our proposed RST-injected variants, models integrating discourse
relation labels generally outperformed those without this integration. Similarly, models
considering the uncertainty in discourse relations fare better than those disregarding it.
This suggests that integrating parser uncertainty and coherence labels into the model
improves the robustness of the model against potential misinformation to a certain extent

when compared to the parser’s 1-best binary decisions.

3https://platform.openai.com/docs/models/
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Data Model R1 R2 RL RLsum
Longformerpgrs _1orA 45.82 21.32 23.81 43.40
Longformerpg7s _1,p4 46.02 21.34 23.87 43.39

§ Longformerpgre _1,r4 46.21 21.54 24.09 43.37
E Longformerpgre 1,4 46.33 21.86 24.11 43.58
= Vicunaggrs _rora 46.32 21.64 24.22 43.32
§ Vicunaggrs _rora 47.33 22.70 24.25 43.31
Vicunaggre _1opa 47.39 22.79 24.35 43.33
Vicunaggre 1, 47.45 23.19 24.39 44.02
LongformerRST&o,LORA 49.34 14.24 21.34 46.74
Longformerpg7s _ropa 49.41 14.39 21.29 46.79
Longformerpgre _1,r4 49.87 14.49 21.83 47.15

£ Longformerpgre 1,4 49.89 14.68 22.11 47.64
3 Vicunaggrs _rora 48.73 14.68 21.89 47.11
Vicunaggrs _rora 49.72 14.72 22.03 47.02
Vicunaggre _1,pa 49.87 14.79 2221 48.10
Vicunaggre 1,4 49.92 14.92 22.41 48.21
Longformerpgrs _1orA 34.70 10.22 20.39 34.21

- Longformer pg7o _10r4 34.72 10.19 20.41 34.87

Q

% Longformerpgre _1,r4 35.29 11.38 21.62 35.11
o Longformerpgre 1,4 35.40 11.76 21.88 35.27
é Vicunaggrs _rorA 37.28 12.35 22.13 38.33
é Vicunaggrs _rorA 37.41 12.66 22.51 38.40
Vicunaggre _1opa 37.87 13.10 22.77 39.69
Vicunagsre _1opa 37.92 13.24 22.93 40.31

Table 4.1: Performance of different RST variants.
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Dataset Model # Trainable Parameters  R1 R2 RL RLsum BERTscore Meteor sacreBLEU NIST
Longformerppr 0.44B 4581 2132 2371 4325 8721 3330 1206 223
Longformerz,za 1.13M 4578 2130 23.65 43.12 8731 3331 1200 228
Longformer pgrs _ 1or4 1.13M 46.331% 21.861F 24111 43.581F 92,017t 34,5578 13111t 3211

E  Vicunappr 13B 46.40 21.88 24.15 4328  90.02 33.19 1356  3.32
% Vieunazona 6M 4632 2176 24.09 43.14 8945 3322 1344 331
E Vicunaggrs_ropa 6M 47.45% 231971 24.391% 44.02 % 93.897F  35311F 14.027 4117t
S GPTedys - 38.74 1339 1826 37.67 6091 2424 743 1.55
GPT-4;01, - 4214 1527 2037 4012 7132 2814 1022 1.90
Liu et al. (2023c) - 46.42 2289 - 4398 8670  33.94 - -
Shen et al. (2022) - 53.73 2732 - 3089 42,01 - - -
Longformerppr 0.44B 4759 1358 20.75 4525 8550 2821 6.86  2.90
Longformerz,ra 1.13M 4831 13.69 21.10 4580 8563 2818  7.05  3.12
Longformer gsrs_ 1or4 1.13M 49.891F 14.681F 22.111F 47.641F  87.647t 31.237F 7.781F 3,797
Vicunappr 13B 4832 1406 2131 4557 8571 3028  7.00 291
& Vicunaz,ra 6M 48.41 1432 2140 4601  86.06 31.00  6.62  2.88
s Vicunaggre 7oA 6M 49.921% 14.921F 22.417F 48.211F  §7.817F 33.22ff  8.15tF 3421
GPT-4z5 - 4273 9.05 1793 40.15 6121 2513 347 232
GPT-4;c1, - 44.62 1135 20.03 44.09 7323 2736 566 245
Liu et al. (2023c) - 4870 14.84 - 4613 8470  29.53 - -
Longformerppr 0.44B 3468 10.02 2035 3371  81.02 2730  3.32 1.62
Longformerr,op 1.13M 34.63  9.96 2022 3379 8133 2732 355 1.86
Longformerggre ropa 1.13M 35401 11.76M% 21.881F 35.27MF  83.99T1 29037 594t 2 02f*
5§  Vicunappr 13B 3721 1238 2207 3821 8231  28.01 3.45 1.70
§ Vicunar,ra 6M 37.30 1226 21.84 3823 8223 2783  3.34 1.68
£  Vieunaggry rora 6M 37.921% 13.241% 22,931 40317 84.127F  29.221F  548fF  2.32M¢
£ GPTAgs - 3525 746 17.52 3423 5856 2650  3.36 1.54
o
@ GPT-4/cp - 37.42 1006 19.49 3611  79.56 2756  3.52 1.72
Liu et al. (2023c) - 3402 1028 - 3287 8530 2747 - -
Cao et al. (2024) - 41.11 10.63 - 4020 - - - -
Sciré et al. (2023) - 4213 1053 1675 - - - - -

Table 4.2: Model performance. The bold numbers represent the best results concerning the
given test set. T and ¥ indicate statistical significance (p<0.05) of our final model (RST5,-LoRA)
against the FFT and LoRA model via paired t-test based on the same backbone, respectively.
FFT for full fine-tuning, ZS for zero-shot learning, and ICL for in-context learning. Each result
of the SOTA models is directly replicated from their original papers.

Table 4.2 shows the performance differences between our final strategy (the best

RST variant) and other comparative models. Specifically, GPT-4 exhibits the poorest

overall performance, attributable to a lack of parameter tuning. The performance of

the models based on Vicuna as the backbone is overall better than the models based

on Longformer due to the larger number of parameters. Regarding parameter-efficient
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settings, vanilla LoRA’s performance is marginally lower than FFT across most datasets,
except eLife. However, LoRA achieves comparable results to FFT while only requiring
adjustments of 0.25% of parameters for Longformer and 0.05% for Vicuna, highlighting
LoRA’s efficiency.

We also observe consistent performance improvements in LORA when integrating
RST structure into its training process without increasing the number of fine-tunable pa-
rameters, and in most cases even exceeds the FFT model. Our final model RST? -LoRA,
integrates both discourse relation types and uncertainty into LoRA’s training, achieving
the best experimental outcomes. It also defeats SOTA models (fully fine-tuned with
complicated strategies) on some metrics, including the current most advanced model
(Liu et al. 2023c¢) that incorporates RST structure to improve summarization perfor-

mance.

Ablation Results. To further assess the impact of the RST matrix on model perfor-

mance, we specify three additional control conditions:

* RSTgyen: We assign values of 1 at even positions and 0 at odd positions in the RST
matrix.

* RSTpaq: We assign values of 1 at odd positions and 0 at even positions in the RST
matrix.

* RSTRrandom: We assign random values € [0, 1] C R to the RST matrix without consid-

ering the probability of discourse relations.

Dataset Model R1 R2 RL RLsum
RSTEgyen 46.21 21.39 23.66 42.55
ML RSToud 46.26 21.37 23.82 42.90
RST random 46.30 21.73 24.07 43.10
- RSTpven 4710 1 1428 2086 4533
eLife RSToud 47.04 14.20 20.98 4531
RST random 47.32 14.29 21.36 45.71
- RSTpven 37.09 1 1220 2175 3806
BC RSToud 37.01 12.18 21.72 38.10
RST random 37.27 12.23 21.80 38.19

Table 4.3: F1 scores for ablation study.

In ablation experiments, we use Vicuna as the backbone for testing. The motivation
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behind setting these three ablation conditions is to simulate the extreme scenario where
the RST parser completely fails to deliver valuable discourse information. Table 4.3
indicates that different ablation integration strategies not only fail to enhance the model’s
performance but even detract from it. Experiments by introducing random noise show
that these arbitrary values reduce the model’s performance to a level marginally lower
than the original LoRA. Furthermore, this also implies that when the RST parser fails to
provide meaningful knowledge (as in the case of random noise), the impact of noise on

the performance of the model is limited.

Hallucination Checking. We delve deeper into the level of factual consistency of the
generated summaries, which we test using the SummaC method (Laban et al. 2022).
The score of SummacC ranges from 0 to 1, and the higher the score, the better the con-
sistency. The results of the assessment using Vicuna as the backbone are depicted in
Figure 4.3. We observe that GPT-4 exhibits the weakest factual consistency, while the
original LoRA also shows a comparatively lower level of factual accuracy than FFT.
However, explicitly incorporating RST structure into LORA mitigates the issue of hal-

lucinations/inaccuracies in generated summaries, achieving better results than the FFT

model.
GPT4 - ML - emmm———w {
FFT - ML o —————— =
LoRA - ML — LLﬁ i it . i
RSTE, - ML - o i {
RST, - ML i m——ae it {
° GPT4 - eLife v i
w© FFT - eLife i
% LoRA - eLife |
§ RSTP, - eLife |
RSTP - eLife l {
GPT4-BC b e : |
FFT - BC bt m—— {
LoRA - BC : e — :
RSTS, - BC st macomaes e :
RST?, - BC C revammercrs ~ - {
0.2 0.4 0.6 0.8 1.0

SummaCConv

Figure 4.3: Factual consistency analysis.
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Impact of Different Rank r. Figure 4.4a and Figure 4.4b and Figure 4.4c illustrate
the impact of different ranks on model performance (Vicuna backbone). Across different
datasets, the RST-aware model consistently outperforms the original LoRA at various
ranks and achieves similar performance as the FFT model at lower ranks. Furthermore,
a larger rank 7 will help to improve the performance of the model, which is also aligned
with the findings of He et al. (2022) and Zhang et al. (2023b). However, a higher rank
correlates with an increased number of parameters requiring adjustment. Importantly,
r = 8 is a trade-off point between performance gain and computational cost. When r

continues to increase, the gain rate of performance improvement begins to slow down.

o Multi-LexSum eLife BookSum Chapter

15,254 13.50 1
13.254
15.00 4
13.00 4
14.754
12.754
= 1450
&

R2n

12.50 4

<
14.254
12254

-e- FFT
12.00 LoRA
—m— RST,

— RST,

14.004 ° /7

13.754 11.754

21.0 T T T T T T 13.50 T T T T T T 11.50 T T T T T T
2 4 6 8 10 16 2 4 6 8 10 16 2 4 6 8 10 16
rank rank rank

(a) Multi-LexSum (ML). (b) eLife. (c) BookSum Chapter (BC).

Figure 4.4: Impact of different  values on three datasets.

Impact of Parser Capability. To evaluate the parser’s impact on our method, we con-
duct an experiment that involves intentionally altering the RST parser’s output. This is
designed to simulate varying levels of parser performance instability, thereby allowing
us to observe its influence on our model’s efficacy. Specifically, we introduce random
masking to the parser’s output at incremental thresholds of 10%, 20%, 40%, and 80%,
assigning random values within the range of 0 to 1 to portions of the RST matrix. Ta-
ble 4.4 presents the findings from this experiment, with Vicuna serving as the backbone
for RST? -LoRA model on the Multi-LexSum dataset.

These results illustrate the direct correlation between the RST parser’s performance
and the performance of our model’s output. Notably, even under conditions of compro-
mised parser performance (with up to 20% of the information being randomly masked),
our model still demonstrates a good capacity to enhance summary generation quality
by leveraging the learned discourse structure knowledge. However, it is observed that
when the level of induced noise surpassed 40%, the negative impact became pronounced,

relegating the model’s performance to levels akin to that of the original vanilla LoRA.
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Model R1 R2 RL RLsum
RST 10% 47.33 23.01 24.33 43.45
RST 20% 47.09 22.78 24.23 43.37
RST 40% 46.52 21.76 24.13 43.20
RST 80% 46.32 21.75 24.06 43.15

Table 4.4: Impact of random masking on the parser.

Human Evaluation. To better analyze the quality of the summaries generated by the
models, we randomly select 10 instances from the BookSum dataset and conduct a hu-
man evaluation. The evaluators we have recruited are graduate and doctoral candidates
with specializations in Computer Science or Computational Linguistics, each possessing
advanced proficiency in English. They receive compensation at the University’s estab-
lished hourly rate. Evaluators are asked to read the corresponding original document,
as well as five candidate summaries (from FFT, LoRA, and RST? -LoRA with Vicuna
backbone, GPT-4, and human). The human evaluators are blind to the condition, i.c.,
they do not know which summary comes from which system (or human author). Each
sample is independently evaluated by three distinct human raters (thus, 150 evaluation
samples in total). Evaluators should rate the candidate summaries on a scale of 1 to 5
for relevance, informativeness, conciseness, and faithfulness, with a higher score indi-
cating better quality. They also need to give an overall ranking of the five summaries.
The detailed guidelines for human evaluation are available in Appendix Section B.2.
The results, presented in Table 4.5, show the average values for each metric, as well
as the proportions of times each model’s output is considered the best or worst among
the candidates. The scores of Fleiss’ Kappa coefficient for relevance, informativeness,
conciseness, and faithfulness are 0.812, 0.705, 0.683, and 0.688, respectively, with an

average score of 0.722, indicating substantial agreement.

From Table 4.5, it is evident that human-generated summaries surpass all neural
summarization models in terms of quality. Among the four neural models, GPT-4 shows
the least performance, with LoRA coming in second, having a 20% probability of being
rated as the worst. The FFT model fares slightly better than the LoRA model. The
RST? -LoRA model outperforms other neural summarization systems across all metrics,

and its average scores on some indicators approach the level of human performance.
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Candidate Relevance Informativeness Conciseness Faithfulness  Best | Worst
Human 4.70 4.83 4.53 4.67 83.3% | 0.0%
GPT4cr, 376 221 325 233 0.0%]56.7%
Vicunar,ra 4.03 2.37 3.20 2.50 0.0% | 20.0%
Vicunappr 427 2.57 3.67 271 6.67% | 13.3%
Vicunaggre _1ora 4.53 3.90 4.03 3.17 13.3% | 10.0%

Table 4.5: Human evaluation results.

Moreover, compared to other neural summarization systems, the RST? -LoRA model is
more likely to be recognized for producing the highest quality summaries and less likely

to be considered as generating the poorest quality summaries.

GPT-4 Evaluation. Inspired by Liu et al. (2023f), we engage GPT-4 to assess our
candidate models using the same guidelines as our human evaluators. To ensure experi-
mental consistency, all experiments use the identical hyperparameter settings. To avoid
potential biases from previous interactions, we reset the conversation history prior to
each query and abstain from making any further modifications. In our initial investi-
gation, we aim to explore the extent to which GPT-4 evaluations generally concur with
human assessments in terms of both relative ranking and average scores within the same
subset of 10 samples delineated in human evaluations.* We find through experiments
that the above correlation does exist. We then extend the evaluation to include all sam-
ples from the test sets.’

Candidate Relevance Informativeness Conciseness Faithfulness  Best | Worst
Human 4.89 4.76 4.67 4.72 96.8% | 0.0%
GPT4rcr, ¢ 402 381 44T : 312 0.0%]353%
Vicunar,pa 4.20 3.82 443 3.37 0.0% | 29.5%
Vicunappr 431 4.04 4.49 3.55 0.0% | 25.5%
Vicunagsr? _1,r4 4.46 4.44 4.60 4.12 3.2% | 9.7%

Table 4.6: GPT-4 evaluation results on BC dataset.

4 Utilizing the same iteration of the GPT-4 model as employed in prior summary generation tasks.
3 Prompt can be found in Appendix Figure B.3.
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Candidate Relevance Informativeness Conciseness Faithfulness Best | Worst
Human 4.67 4.70 4.52 4.83 94.2% | 0.0%
GPT4yc, 443 38 362 : 319 0.0%]43.3%
Vicunar,pa 4.52 4.03 4.20 3.40 0.0% | 28.4%
Vicunappr 4.52 4.06 4.28 3.58 0.0% | 21.6%
Vicunagsrr _1or4 4.57 433 431 422 5.8% | 6.7%

Table 4.7: GPT-4 evaluation results on ML dataset.

Candidate Relevance Informativeness Conciseness Faithfulness  Best | Worst
Human 4.80 4.81 4.72 4.78 96.3% | 0.0%
GPT4rcr, 422 391 435 345 0.0%]452%
Vicunar,ra 4.47 4.12 4.41 3.58 0.0% | 30.1%
Vicunagpr 4.59 423 4.47 3.82 0.2% | 16.3%
Vicunaggre _1,ra 4.62 4.49 4.63 4.39 3.5% | 8.4%

Table 4.8: GPT-4 evaluation results on eLife dataset.

The outcomes for these tests are shown in Table 4.6, as well as in Table 4.7 and
Table 4.8. We find that in GPT-4 evaluation, GPT-4 tends to assign the lowest scores to
its own answers compared to those generated by other fine-tuned models. Summaries
written by humans receive the highest scores and are generally regarded as the highest
quality. In line with human evaluation findings, GPT-4 also recognizes LoRA as yielding
inferior outcomes. In addition, the RST? -LoRA model scored higher than both LoRA
and FFT.

Error Analysis. The passage discusses a comparison between RST-LoRA and GPT-4
in generating summaries using two samples from the eLife test set, as shown in Table 4.9
and Table 4.10. It is observed that the summaries generated by GPT-4 tend to be overly
general, lacking relevance and informativeness to the source document, and often in-
clude the model’s own judgments or inferences. For instance, in the example provided,
GPT-4 deviates from the main discussion topic and fails to align the generated summary
with factual consistency from the source document. These findings suggest that general-
purpose LLMs like GPT-4, without task-specific fine-tuning, still tend to focus more on
language fluency but struggle to maintain fidelity to factual information with the source

document.
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Model

Output

Target-1

Vicunaggre_rorA

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 eye-blink 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 eye-blink was coupled to the first, and not to the original cue.
Moreover, on many trials, the rabbits showed a third and even fourth eye-blink. 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.

In a recent study, researchers explored the idea of using rabbits to understand human
movement, focusing on how the cerebellum, a brain part, might be involved. They
looked at how rabbits respond to various light and sound cues, seemingly to understand
if these animals could learn complex dance-like moves. The study, which seemed to
have a loose structure, suggested that the rabbits’ performance in these tasks could
somehow be linked to human learning of sequences, like playing a musical instrument
or participating in sports. However, the connection between the rabbits’ activities and
human motor skills was not established, leaving the real impact of the study on human
neuroscience quite ambiguous. Additionally, the research didn’t delve deeply into
the differences between rabbit and human brains, making its applicability to human
subjects questionable.

The cerebellum’s role in movement and learning was explored in a study by Khilke-
vich et al., where rabbits were trained to blink in response to cues. This research
investigated the cerebellum’s capacity for associative learning and its ability to use
internal feedback from one movement as a cue for the next. Findings revealed that
rabbits could learn sequential blinking, with each blink triggering the subsequent one.
This suggests that the cerebellum not only coordinates simple movements but can also
chain complex sequences of movements together. The study provides insights into the
cerebellum’s broader role in learning and cognition, particularly in understanding how
it processes and coordinates the timing of sequential movements.

Table 4.9: Comparison of target summary with RST-LoRA and GPT-4 outputs.
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Model

Output

Target-2

Vicunagsrs _rora

To grow and multiply, a living cell must take a variety of factors into account, such
as its own energy levels and the availability of nutrients. A protein called mTOR sits
at the core of a signaling pathway that integrates these and other sources of informa-
tion. Problems with the mTOR pathway contribute to several diseases including dia-
betes and cancer. The mTOR protein occurs in two distinct protein complexes, called
mTORC1 and mTORC2. These complexes contain a mix of other proteins — known as
accessory proteins. They also sense different cues and act upon distinct targets in the
cell. Recent research reported the structure of mTORC1, which provided clues about
how this complex works. Yet, much less was known about the mTORC2 complex.
Stuttfeld, Aylett et al. have now used a technique called cryo-electron microscopy to
reveal the three-dimensional architecture of the human version of mTORC2. Com-
paring the new mTORC2 structure to the existing one for mMTORC1 showed that they
have many features in common but important differences too. The overall shape of
both complexes is similar and each complex contains two copies of mTOR arranged
similarly. Also, the main accessory proteins in each complex interact with almost the
same parts of mTOR, but the accessory proteins in mTORC2 are organized differently
from those of mTORCI. The different accessory proteins also have distinct shapes.
These differences could help to explain why the complexes respond to different cues
and recognize different targets. These new findings provide an entry point for further
studies on how mTORC2 works in cells. The next step is to get a higher-resolution
image of the structure of this complex to see the finer details of all the components.
This may in the future help scientists to develop drugs that inhibit mTORC2 to treat
cancer and other diseases.

In this paper, researchers delve into the intriguing world of cellular biology, focusing
on a protein known as the mammalian target of rapamycin (mTOR). This protein, of-
ten likened to a cellular conductor, orchestrates a symphony of biological processes,
guiding cells through complex growth and metabolic pathways. The study particularly
highlights the dual roles of mTOR in different cellular complexes, drawing attention
to its versatile nature. Interestingly, the paper touches upon the enigmatic behavior
of mTOR in various diseases, hinting at its Jekyll and Hyde personality in cellular
functioning. This study provides a glimpse into the intricate ballet of molecular inter-
actions, painting a picture of mTOR as a pivotal figure in the dance of life.

The cells of animals, yeast, and other eukaryotes all contain a wide range of proteins
that carry out different roles. A protein called mTOR sits at the core of this protein,
where one letter of the protein sits at one end and the other at the other. The num-
ber of mRNAs is so small that it is thought that mTOR is only recently shown to be
present in living cells. However, mTOR has only been studied in the laboratory in the
form of single-celled structures called human cells. This has made it impractical for
researchers to dissect the structure of the mTOR protein and its corresponding pro-
tein. Now, Wassagano et al. have used a technique called cryo-electron microscopy to
reveal the three-dimensional architecture of mTOR proteins. The experiments reveal
that this complex contains a small region called the ‘active’ site that is responsible for
producing mTOR. This complex is also involved in the release of energy from blood
sugar in cells and is also responsible for many of the processes that occur in the pan-
creas and immune responses in cells. In particular, the active state of the innermost
mTOR complex is activated when the cell is starved for nutrients. Further experiments
showed that the active site is involved in both the production and the activity of a pro-
tein called sIN1. Wassagoni et al al.’s findings show that both mTOR and SIN1 have
a similar active site to each other in human cancers. These findings shed new light on
the role of how mTOR interacts with other proteins in human cells, which may help to
identify new targets for developing treatments against these kinds of cancer.

Table 4.10: Comparison of target summary with RST-LoRA and GPT-4 outputs.



78 4. Discourse-Aware LoRA for Text Summarization

4.5 Related Work

Document Summarization with RST. RST is a linguistic discourse framework that
provides a way to organize text into a hierarchical tree structure, which helps to better
understand the overall organization and inter-part relations of text. Early research by
Marcu (1997) and Louis et al. (2010) uncovered that human-written summaries often
align with the nucleus EDUs in RST trees. This correlation underscores the validity of
RST as a theoretical motivation for summarization tasks. Building on this insight, sub-
sequent studies have demonstrated the value of explicitly incorporating RST trees into
neural summarization models. For example, Kikuchi et al. (2014) boosted the summa-
rization performance of the RNN-based model by constructing RST trees, where satellite
EDUs were pruned to retain only the nucleus EDUs, thus focusing on the document’s
key content. Pre-trained language models have a noted tendency to capture some super-
ficial aspects of discourse relations without explicit training (Qian et al. 2021; Schuster
et al. 2022), but the latent discourse information is often not captured correctly. To al-
leviate this challenge, Xu et al. (2020) and Dong et al. (2021) enhanced summarization
models by incorporating discourse structure within transformer-based and graph neural
network models, respectively.

More recently, Liu et al. (2023c) proposed an approach that incorporates the uncer-
tainty of RST structures into the attention mechanisms of summarization models and
achieved SOTA results on multiple datasets. However, all the above approaches require
full fine-tuning of NLG models, which is very expensive. As the model parameters
increase, this issue will be further amplified. Incorporating RST into PEFT might po-
tentially lower the barrier to fine-tuning by structuring the learning process around the

inherent rhetorical patterns in the data.

Document Summarization with LoRA. LoRA, presented by Hu et al. (2022), is a
low-rank approximation strategy that reduces the number of trainable parameters by
freezing the pre-trained model weights and injecting trainable rank decomposition ma-
trices into each layer of the transformer architecture. The initial research also demon-
strated through summarization tasks that applying LoRA on the GPT-3 model (Brown
et al. 2020) with less than 1% of the parameters could even outperform FFT. Expanding
on this, studies by Dettmers et al. (2023), Xu et al. (2024), and Li et al. (2024d) enhanced

generalization ability in downstream summarization tasks by quantifying LoRA matri-
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ces and adopting mixed-precision techniques. Furthermore, Zhu et al. (2023) combined
LoRA with layer pruning, achieving notable improvements in specialized applications
like medical report summarization. Recently, Liao et al. (2023) validated the feasibility
of using task-neutral sparse masks to improve the performance in text summarization
with LoRA.

In a similar work, Ghazvininejad et al. (2022) integrated hierarchical document struc-
ture (i.e., blocking structure) into prefix-tuning to simulate the high-level discourse re-
lation and achieved improvements in the task of text generation. However, there is still
an unexplored potential in explicitly integrating fine-grained RST structures into the
summarization process with PEFT methods, since comprehending the coherence of dis-
course elements could positively impact the quality of generated summaries (Li et al.
2016b; Liu et al. 2019b; Huang et al. 2021), particularly in the context of summarizing
long documents (Cohan et al. 2018; Xu et al. 2020; Li et al. 2020c; Gabriel et al. 2021;
Dong et al. 2021; Balachandran et al. 2022; Liu et al. 2023c).

4.6 Chapter Summary

This chapter addressed Research Question 2 by examining whether discourse signals
can still exert a measurable influence on content selection and inter-sentential organi-
zation when the parameter update budget is severely constrained. The proposed RST-
LoRA model injects compact RST distribution matrices into the LoRA training process
through element-wise modulation, without increasing the number of trainable parame-
ters. Across four structural variants that vary in granularity (binary vs. probabilistic) and
information content (with vs. without relation types), the experiments on Longformer
and Vicuna backbones showed that discourse guidance can improve summarization qual-
ity even when fewer than 0.5% of model parameters are updated. The variant that retains
both relation types and parsing uncertainty consistently performed best, providing em-
pirical support for Hypothesis II and suggesting that structured discourse signals can
compensate, to some extent, for the limited expressiveness of low-rank update spaces.
These results extend the findings of the preceding chapter from a full fine-tuning
regime to a resource-constrained one, confirming that the distributional representation
of discourse structure remains a viable guidance mechanism across different adaptation
settings. However, both this chapter and the preceding one operate within a text-to-text

summarization interface, where input evidence takes the form of coherent long-form
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documents with relatively stable discourse unit boundaries. The next chapter shifts to
a setting where evidence is distributed across modalities and where end-to-end genera-
tion alone may not be sufficient to reproduce the organizational conventions of the target

summary genre, motivating the introduction of explicit planning as an intermediate vari-
able.



Discourse-Aware Planning for
Video-to-Text Summarization

Chapter 3 and Chapter 4 integrated discourse structure as an actionable supervisory
signal into long-document summarization modeling. In particular, Chapter 3 injects
type-aware distributed RST representations into sparse attention encoders, while Chap-
ter 4 extends this approach to parameter-efficient fine-tuning settings by softly modulat-
ing LoRA’s input representations with discourse coefficient matrices. A shared insight
across both chapters is that representing structure as a learnable distributional signal is
generally more robust than imposing a single-best parse tree as a deterministic constraint.
This insight provides empirical support for Research Question 1 (RQ1), Hypothesis I,
Research Question 2 (RQ2), and Hypothesis II. However, these investigations remain
grounded in a text-to-text summarization interface, where input evidence consists of co-
herent long-form documents with stable discourse unit boundaries and reusable rhetori-

cal patterns.

When shifting to the task of summarizing scientific videos, both the form of evidence
and the complexity of information organization change substantially. In the multimodal
setting, evidence is dispersed across visual scenes, spoken narration, and on-screen text;
key arguments unfold across temporally distant segments; and visual elements such as
figures and equations substantially affect comprehensibility. These properties pose a
challenge for the RST-based distributional approach developed in the preceding chap-
ters. The LDD tensor representation relies on an external RST parser that segments

text into elementary discourse units and assigns relation labels with associated confi-
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dence scores. In the multimodal setting, however, the input is no longer a well-formed
document but a temporally ordered stream of heterogeneous signals, and existing RST
parsers are not designed to operate over such inputs. Even if one were to parse a speech
transcript, the resulting discourse structure would reflect only the verbal channel and
miss information conveyed visually. More fundamentally, the challenge in this setting
is not only which local relations hold between adjacent segments, but how to organize
an entire summary at the macro level, deciding what rhetorical moves to make, in what
order, and with what communicative intent. This is a planning problem rather than a
local attention modulation problem, and it calls for a different type of discourse-level

intervention.

The Question under Discussion (QUD) framework offers a natural fit for this pur-
pose. Rather than annotating pairwise relations between text spans, QUD conceptual-
izes discourse progression as a sequence of implicit questions that are raised and re-
solved over time (Roberts. 2012; Beaver et al. 2017). This perspective aligns well with
the structure of scientific abstracts, which typically follow a recognizable sequence of
rhetorical moves. By representing the plan as an ordered sequence of questions, each
corresponding to a sentence-level intent in the target summary, the model gains an ex-
plicit organizational scaffold that can guide generation without requiring a full RST parse
of the multimodal input. Against this backdrop, Research Question 3 (RQ3) asks how
discourse-aware planning can be extended to support macro-level organization and fac-
tual grounding in video-to-text summarization, given the challenges of fragmented and

multimodal input.

To this end, Chapter 5 tests Hypothesis III that, when cross-modal alignment is suf-
ficiently reliable, discourse-aware planning enables summarization models to produce
more coherent and factually grounded outputs by structuring generation around an ab-
stract representation of argumentative intent. Concretely, Chapter 5 first introduces the
VISTA dataset, which consists of 18,599 aligned video—summary pairs where confer-
ence presentation videos are paired with their corresponding paper abstracts and spans
multiple scientific venues in computational linguistics and machine learning. This re-
source addresses a gap in existing video summarization research, where high-quality
aligned datasets in scientific contexts remain scarce, making it difficult for models to
learn how to reorganize multimodal evidence into the conventional organizational logic
of scientific abstracts. Building on this foundation, Chapter 5 proposes a planning-based

generation framework that draws on the QUD discourse framework. The approach in-
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troduces an intermediate planning stage in which a sequence of ordered questions out-
lines the target summary’s latent structure, and the final summary is then generated con-
ditioned on this plan. Subsequent experiments benchmark both proprietary and open-
source multimodal large language models and evaluate whether the plan-based approach
can better align with scientific abstract conventions and yield measurable gains in co-
herence and factual accuracy. Chapter 5 also compares end-to-end generation against
planning-based variants and analyzes their relative impact on summary quality and struc-

tural organization.

5.1 Problem Formulation

Large multimodal models (LMMs), which integrate components from different modal-
ities through cross-modal alignment training (Koh et al. 2023; Cheng et al. 2023; Li
et al. 2024a; Ahn et al. 2024; Fu et al. 2024; Wu et al. 2024a), have achieved consider-
able progress in video-to-text summarization tasks for general-purpose content such as
YouTube, movies, and news videos (Li et al. 2020b; Lin et al. 2024b; Krubinski et al.
2023; Hua et al. 2025; Chen et al. 2024a; Zhang et al. 2024a; Qiu et al. 2024; Patil et al.
2024; Mahon et al. 2024a; Mahon et al. 2024b). However, many recent studies have
highlighted that these LMMs exhibit reduced performance in scientific contexts, partic-
ularly when processing technical terminology and scientific visual elements like figures
and tables (Li et al. 2024b; Lu et al. 2024; Yue et al. 2024; Bai et al. 2024; Liang et al.
2024a; Patil et al. 2024; Huang et al. 2025b). This performance gap might be largely
attributed to the absence of specialized datasets for multimodal scientific content (Chen
et al. 2024¢; Hu et al. 2024; Pramanick et al. 2024; Zhang et al. 2024b).

Thus, we introduce VISTA (Video to Scientific Abstract), an English dataset for
video-to-text summarization in scientific domains. VISTA consists of 18,599 aligned
pairs of conference presentation recordings and their corresponding paper abstracts, col-
lected from leading conferences in computational linguistics (ACL Anthology includ-
ing ACL, EMNLP, NAACL, EACL, Findings of *ACL) and machine learning (ICML
and NeurIPS). Figure 5.1 illustrates an example selected from VISTA. We use the ab-
stract of the paper as a proxy for the summary of the video and benchmark VISTA using
several state-of-the-art (SOTA) large models, including closed-source LMMs (Claude
3.5 Sonnet, Gemini 2.0, GPT-o01), as well as open-source LMMs (Video-LLaMA,
Video-ChatGPT, mPLUG-0wl3, etc.; Zhang et al. 2023a; Maaz et al. 2024; Lin et al.


https://aclanthology.org/
https://icml.cc/
https://neurips.cc/

84 5. Discourse-Aware Planning for Video-to-Text Summarization

~Video-----=-=-====-ccc e e -Summary - - - - - - - - - - oo e oo -
| T L LT T '#,— /) = = ——— *— Despite their impressive performance on diverse
actual knowledge i 0 ~
N m: ':T:?gm - Forch > tasks, large language models (LMs) [...],
implying the difficulty of encoding a wealth of
world knowledge in their parameters. This
paper aims to understand LMs’ strengths and
[...], by [...]. We find that LMs struggle with
less popular factual knowledge, and [...].
Scaling, on the other hand, mainly improves
[.

Q) . I — — - A T LT T T 11
Scale 1 Complementarity of parametric and i

=

o paametic memones
Rarvas.. memorization of popular knowledge, and fails

..]. Based on those findings, we devise a new
method for retrievalaugmentation[...] memories

when necessary.

jally

helpful in the
ai

* often harmful

for popular
knowledge

uuuuuuuu

Figure 5.1: An example from VISTA: a conference presentation video (left) paired with the
abstract of the corresponding paper (right). This data sample (Mallen et al. 2023) was presented
at ACL 2023 and received the Best Video Recordings award.

2024a; Ye et al. 2025; Li et al. 2025a; Li et al. 2024¢). For comparison, we also include
strong baselines: text-to-text model LLaMA-3.1 (Touvron et al. 2023) and audio-to-text
model Qwen2-Audio (Chu et al. 2024). Experiments across zero-shot, QLoRA, and
full fine-tuning settings reveal that in-domain fine-tuning improves summarization per-
formance across different large models, and video-based models generally outperform
text- and audio-based models on our dataset. However, end-to-end approaches may of-

ten struggle to capture the underlying structure of scientific abstracts (Liu et al. 2025b).

To address this, we explore a plan-based approach, which has been shown to improve
coherence and factual grounding through a predefined planning component (Narayan et
al. 2021; Narayan et al. 2023; Liu et al. 2025b). Unlike direct end-to-end generation,
plan-based methods can leverage the fact that scientific abstracts often follow a well-
defined format (Takeshita et al. 2024). By explicitly modeling the latent structure of
the summary through a sequence of intermediate plans, the summary generation process
can be better guided. Empirical results confirm that the plan-based method outperforms
existing SOTA models in terms of summary quality and factual accuracy. This work
also lays the groundwork for future investigations into the multimodal summarization

of scientific videos.
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5.2 The VISTA Dataset

Data Acquisition and Cleaning. VISTA is derived from computational linguistics
and machine learning conferences, including ACL Anthology (ACL, EMNLP, NAACL,
EACL, Findings of *ACL), ICML, and NeurIPS, covering content from 2020 to 2024.
All materials (paper abstracts and video recordings) are contributed by the respective
paper authors, ensuring narrative consistency. Since these metadata are stored in XM-
L/JSON files on their respective websites, no further data preprocessing (e.g., extracting
abstracts from PDFs) is required. We collect paper titles, author lists, paper abstracts,
links to papers, and presentation videos, in accordance with platform terms for academic
research purposes (or obtain written confirmation). To maintain one-to-one video-to-text
alignments, we exclude samples that may cover multiple papers (e.g., tutorials, invited

talks) and videos shorter than one minute or longer than 30 minutes.

Copyright Discussion. According to the statement displayed on the ACL Anthology
website, “Permission is granted to make copies for the purposes of teaching and re-
search”, allowing us to use the corresponding data. For ICML and NeurIPS, we (the
authors) have obtained written confirmation granting permission to use the paper titles,
author lists, paper abstracts, full papers, and presentation videos available on their web-

sites for research purposes.

Quality Control. We verify the data quality through both manual and automated checks.

* Manual Control: We randomly select 500 video-summary pairs to assess whether
the summaries provide accurate descriptions of the videos. Two Ph.D. candidates
in Computer Science or Computational Linguistics perform binary judgments on
these pairs. Across all 500 samples, neither evaluator rejected any sample.

* Automated Control: To go beyond the limited scope of manual checks, we employ
GPT-o1 for automated assessment using the same binary criteria across all data
samples. The model initially flagged 39 pairs as potentially invalid. These flags
were likely caused by difficulties in interpreting domain-specific terms or rare
expressions and sensitivity to variations in summary length. After further manual

review, all 39 samples were confirmed as valid and retained in the dataset.
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Data Splits. After quality control, our dataset comprises 18,599 samples, with venue
distributions shown in Figure 5.2. To ensure balanced domain coverage in each subset,
we proportionally sample to split the dataset into training (80%), validation (10%), and

test (10%) sets. All subsequent experiments are conducted using these splits.

Venue Distribution
ICML

ACL
NeurlPS
EACL 3%
5%
NAACL
10%
EMNLP

Findings of *ACL

Figure 5.2: Venue distribution of the VISTA dataset.

Dataset Comparison and Statistics. Table 5.1 compares VISTA with several existing
video-to-text summarization datasets. While many focus on open-domain (e.g., MM-
Sum, Instruct-V2Xum) or areas like news (MLASK, MM-AVS) and activities (VideoXum),
VISTA is tailored for summarizing scientific presentations. On average, it features
longer inputs (6.8 minutes) than VideoXum (2.1 minutes) and MSS (3.4 minutes), as
well as longer summaries (192.6 tokens), compared to YouCook2 (67.8 tokens) and
VideoXum (49.9 tokens).

Table 5.2 summarizes the VISTA dataset statistics: Videos average 6.76 minutes and
16.36 shots (we use PySceneDetect with ContentDetector to calculate video shots),

while summaries contain 192.62 tokens on average across 7.19 sentences. The aver-


https://www.scenedetect.com/
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Dataset Language Domain  #Videos VideoLen SumLen

MSS (Li et al. 2017) English, Chinese News 50 34 —

YouCook2 (Zhou et al. 2018) English Cooking 2.0K 53 67.8
VideoStorytelling (Li et al. 2020a) English Open 105 12.6 162.6
VMSMO (Li et al. 2020b) Chinese Social Media 184.9K 1.0 11.2
MM-AVS (Fu et al. 2021) English News 2.2K 1.8 56.8
MLASK (Krubinski et al. 2023) Czech News 41.2K 1.4 334
VideoXum (Lin et al. 2024b) English Activities 14.0K 2.1 49.9
Shot2Story20K (Han et al. 2025b) English Open 20.0K 0.3 201.8
BLiSS (He et al. 2023) English Livestream 13.3K 5.0 49.0
SummScreen3” (Papalampidi et al. 2023) English Open 45K  40.0 290.0
Ego4D-HCap (Islam et al. 2024a) English Open 83K 285 25.6
Instruct-V2Xum (Hua et al. 2025) English Open 30.0K 3.1 239.0
MMSum (Qiu et al. 2024) English Open 51K 145 21.7
LfVS-T (Argaw et al. 2024) English YouTube 1.2K 12.2 —

VISTA (ours) English Academic 18.6K 6.8 192.6

Table 5.1: Comprison of video-to-text summarization datasets. #Videos = the number of videos,
whereas VideoLen and SumLen refer to the average of video duration (in minutes) and the aver-
age number of summary tokens.

age dependency tree depth (Avg. Depth of Dep Tree) is 6.02, indicating the syntactic
complexity of the summaries. Meanwhile, the Type-Token Ratio (TTR) is 0.62, reflect-
ing lexical diversity. Both metrics are calculated using spaCy. Diversity metrics (Li
et al. 2016a), which measure the variety of unique n-grams, yield Distinct-1, Distinct-2,
and Distinct-3 scores of 0.62, 0.93, and 0.97, respectively. Figure 5.3 visualizes key
attributes: Most summaries remain under 250 tokens and 10 sentences, and most videos
last fewer than 10 minutes with under 30 shots. In Appendix Section C.1, we present a

random sample from the VISTA dataset.
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Figure 5.3: Distribution of summary sentences, summary tokens, video durations, and video
shots in VISTA.
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Training / Validation / Test Set 14,881 /1,859 /1,859
Avg. Video Length (mins) / Shots 6.76 / 16.36
Avg. #Summary Sent / Tokens 7.19/192.62
Avg. Depth of Dep Tree 6.02
Type-Token Ratio 0.62
Distinct-1/-2/-3 0.62/0.93/0.97

Table 5.2: Key statistics of the VISTA dataset, showcasing the average video length and shot
count, summary characteristics (sentence and token counts), syntactic complexity (dependency
tree depth), and lexical diversity (Type-Token Ratio and Distinct n-gram scores).

5.3 Benchmarking VISTA

Task Overview. We formalize the task of summarizing recorded scientific videos as
follows: Let v and s denote a video (or its transcript/audio) and its paired summary from
dataset D = {(v1, 51), (v2, S2), ..., (Un, $)}, Where n signifies the number of video-
summary pairs. The objective is to train a (multimodal) model M to learn the conditional
probability distribution P(s | v). Given a new video, the trained model M is expected
to generate an appropriate summary.

A challenge in video-to-text summarization is structuring the generated summaries
in a coherent and faithful manner. Directly learning the mapping from v to s could
lead to inadequate outputs, as the model lacks explicit guidance on how to organize and
present the extracted information (Mahon et al. 2024a). Scientific abstracts often follow
a relatively well-defined structure, making them suitable for a more structured genera-
tion approach (Takeshita et al. 2024). We follow previous work (Narayan et al. 2021;
Narayan et al. 2023) in adopting a plan-based framework that introduces an intermedi-
ate representation to capture latent structure more effectively than simpler end-to-end
approaches. Specifically, given input v, we first generate a plan p, which consists of a
sequence of automatically generated questions {q1, gs, - - ., gm }, €ach corresponding to
a sentence to be verbalized in the summary. The plan explicitly controls the structure
of the summary as a whole and the content of each of its sentences (which are meant
to answer the questions in the plan). The model is then trained to learn the extended
conditional probability distribution P(s | v, p), ensuring that the generated summaries

follow the structure and flow of plan p.
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Planning questions

q1:What challenge do large language models face despite their impressive performance on diverse tasks?
q2:What is the aim of this paper regarding large language models?

q3:What is one key finding about LMs' performance with less popular factual knowledge?

q4:How does scaling impact LMs’ ability to memorize factual knowledge?

q5:What is the proposed method based on the findings of this paper?

Summary

[Despite their impressive performance on diverse tasks, large language models (LMs) still struggle with
tasks requiring rich world knowledge, implying the difficulty of encoding a wealth of world knowledge in
their parameters.]t! [This paper aims to understand LMs’ strengths and limitations in memorizing factual
knowledge, by conducting large-scale knowledge probing experiments on two open-domain entity-centric
QA datasets: PopQA, our new dataset with 14k questions about long-tail entities, and EntityQuestions, a
widely used open-domain QA dataset.]t2 [We find that LMs struggle with less popular factual knowledge,
and that retrieval augmentation helps significantly in these cases.]t3 [Scaling, on the other hand, mainly
improves memorization of popular knowledge, and fails to appreciably improve memorization of factual
knowledge in the tail.]*4 [Based on those findings, we devise a new method for retrieval-augmentation that
improves performance and reduces inference costs by only retrieving non-parametric memories when
necessary.]t5 |
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Figure 5.4: GPT-o1l generates plans based on reference summaries. Each question g; corre-
sponds to a summary sentence t;, which we assume constitutes its answer. Index ¢ ranges from
1 to the number of summary sentences.

Plan Generation. We hypothesize that summary sentences can be viewed as responses
to plan questions, where the plan consists of an ordered sequence of questions directly
associated with the target content. This idea is inspired by the theory of Question Under
Discussion (QUD; Roberts (2012), Wu et al. (2023b), and Suvarna et al. (2024)), which
posits that discourse often revolves around a set of questions that guide the structure and
interpretation of the conversation.

We leverage GPT-o1 (OpenAl. 2023) to generate silver-standard plans based on
reference summary sentences and their preceding context. As shown in Figure 5.4, for
example, question g3 is generated based on target sentence ¢3 and the summary sentences
preceding it (i.e., ¢; and t5), and so on. As a result, the question sequence preserves the
order of sentences in the reference summaries, ensuring that the plan maintains a natural
and coherent flow consistent with the structure of reference summaries. The prompt

used to generate plan questions is provided in Appendix Figure C.4.

Summarization Model. We train two independent modules corresponding to Plan
Generation (PG) and Summary Generation (SG). The PG module is trained on pairs of
(v, p) samples. The SG module is trained on tuples ([v; p|, s), where [v; p| is the concate-
nation of the input v and its plan p. During inference, the trained PG module predicts
plan p for input v, and the tuple [v; p| is fed into the SG module to generate the final

summary. Both modules have the same backbone but are trained independently.
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5.4 Experimental Setup

Baseline Models. We benchmark our dataset using three learning settings: Zero-shot
learning, QLoRA fine-tuning (Dettmers et al. 2023), and full-parameter fine-tuning. For
zero-shot learning, we test closed-source multimodal models, including GPT-o01 (Ope-
nAl. 2023), Gemini 2.0 (Team. 2023), Claude 3.5 Sonnet (Anthropic. 2024), as
well as open-source LMMs such as Video-LLaMA (Zhang et al. 2023a), Video-ChatGPT
(Maaz et al. 2024), Video-LLaVA (Lin et al. 2024a), LLaMA-VID (Li et al. 2024c),
LLaVA-NeXT-Interleave (Li et al. 2025a), and mPLUG-0w13 (Ye et al. 2025). These
open-source video LMMs process videos by extracting multimodal features, such as
visual and/or audio components, using cross-modal attention mechanisms to align and
integrate information across modalities.

We also assess LLaMA-3. 1 (Touvron et al. 2023) and Qwen2-Audio (Chu et al. 2024)
to examine if text- or audio-based models can accomplish the summarization task with-
out taking video information into account. For LLaMA-3. 1, we explore two variants: In
LLaMA-3. 14 anscript, We extract audio from video files using moviepy and transcribe it
with OpenAl’s Whisper-1 to generate text input for the model. In LLaMA-3.1pcg, We
apply EasyOCR to extract on-screen text from video frames and use the OCR-generated
text as input for summarization. Similarly, for Quen2-Audio, we use moviepy to con-
vert video files into audio and treat the audio as input. Exact model versions are provided
in Table 5.3. Based on our benchmarking results, we select the best-performing model
as the backbone for the plan-based strategy and evaluate its performance. Prompts for

the above models are offered in Appendix Section C.2 (Figures C.3—C.6).

Hyper-parameters Settings. For all fine-tuning experiments, we utilize the AdamW
optimizer (Loshchilov et al. 2019) with 3; = 0.9, 85 = 0.999, ¢ = 10~?, and a weight
decay of 0.1, combined with a warm-up ratio of 0.15. The initial learning rate is set
to 5e-5, with cosine learning rate scheduling. DeepSpeed is configured with ZeRO-3
Offload. We set the random seed to 2025 and apply a dropout rate of 0.1. In the QLoRA
setting, the rank r is set to 32, the scaling factor « is set to 64, and the dropout rate
for the low-rank matrices is 0.1. All other parameters follow the default settings of the

Transformers library.
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Model Version Model Size
GPT-o01 (OpenAl. 2023) 01-2024-12-17 Unknown
Gemini 2.0 (Team. 2023) Gemini 2.0 Flash Unknown
Claude 3.5 Sonnet (Anthropic. 2024) claude-3-5-sonnet-20241022 Unknown
LLaMA-3.1 (Touvron et al. 2023) LLaMA-3.1-8B-Instruct 8B
Qwen2-Audio (Chu et al. 2024) Qwen2-Audio-7B-Instruct 7B
Video-LLaMA (Zhang et al. 2023a) VideoLLaMA2-7B-16F 7B
Video-ChatGPT (Maaz et al. 2024) Video-ChatGPT-7B 7B
Video-LLaVA (Lin et al. 2024a) Video-LLaVA-7B-hf 7B
LLaMA-VID (Li et al. 2024c¢) LLaMA-VID-7B-Full-224-Long-Video 7B
LLaVA-NeXT-Interleave (Lietal. 2025a) LLaVA-NeXT-Interleave-Quwen-7B 7B
mPLUG-0w13 (Ye et al. 2025) mPLUG-0w13-7B-241101 7B

Table 5.3: Model version details.

During training, we save the checkpoint with the highest Rouge-2 F1 score on the
validation set as the final model. All experiments are conducted over 16 epochs with a
batch size of 16 and early stopping (all models converged before 16 epochs). For model
inference (including zero-shot learning), we employ a beam search with a beam of size 4,
a length penalty of 3.0, a no-repeat n-gram size of 3, and the maximum number of new
tokens generated is limited to 256. For video-based LMMSs, the sampling rate is set to

0.1 fps, and the number of extracted frames is set to 32.

For closed-source models, results are obtained via API requests during the experi-
mental period from 01/09/2024 to 10/02/2025. The hyperparameter settings for these
API requests include a temperature of 1, top p of 1, a frequency penalty of 0.2, and a
presence penalty of 0.2. All other parameters adhere to the default settings specified by
their respective platforms. To ensure a fair comparison, all models, including baselines,

plan-based models, and ablation models, are tested using identical prompt instructions.

Evaluation Metrics. We report a set of evaluation metrics to measure informative-
ness, alignment, and factual consistency in summaries. For informativeness, we uti-
lize ROUGE (Lin. 2004), SacreBLEU (Post. 2018), METEOR (Banerjee et al. 2005),
BERTScore (Zhang et al. 2020b), and CIDEr-D (Vedantam et al. 2015). Specifically,
we provide the F1 scores for Rouge-1 (R1), Rouge-2 (R2), and Rouge-LSum (RLSUM).
Alignment to the input video is evaluated with VideoScore (He et al. 2024), and factual
consistency with FactVC (Liu et al. 2023d).
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5.5 Results and Analysis

Plans Quality Validation. To validate the quality of the silver-standard plans gener-
ated by GPT-o1, we conduct a manual evaluation on 100 randomly selected samples.
The evaluation is carried out by the same annotators involved in our human evaluation
setup. Each annotator is asked to make a binary judgment on whether the generated
plan question satisfied two validity criteria: (1) Local Coherence: The question is well-
formed and semantically related to the summary; and (2) QUD-Alignment: Each sen-
tence in the summary could plausibly serve as an answer to the question, consistent with
the QUD framework. We observe strong inter-annotator agreement (Fleiss’ k = 0.853),
indicating a high degree of consistency in decisions. In addition to this, we perform a
manual error analysis to screen for systematic biases or recurrent flaws, such as overly
generic phrasing, hallucinated entities, or structural redundancy. No such patterns are

observed.

General Results. Table 5.4 compares model performance across three learning set-
tings: Zero-shot, QLoRA fine-tuning, and full-parameter fine-tuning. Overall, fine-
tuning on in-domain data yields substantial performance gains across all evaluation
metrics. Full fine-tuning consistently outperforms QLoRA. While closed-source mod-
els such as GPT-o1 and Gemini typically lead in zero-shot performance, open-source
models like mPLUG-0w13 and Plan-mP1lug-0wl3 achieve competitive or even superior
results when fine-tuned, especially in semantic alignment (BERTScore) and video-text
consistency (VideoScore).

We also observe that video-based LMMs consistently outperform text-based and
audio-based models. While models such as LLaMA-3. 1;,45script, LLaMA=-3.1pcr, and
Qwen2-Audio yield comparable results, they lag behind video-grounded models in over-
all performance. In particular, nPLUG-0w13 achieves SOTA results across most metrics,
highlighting the crucial role of visual information in enhancing summarization quality.

Plan-mPlug-0wl3 is the plan-based approach built on mPLUG-0w13, outperforming
all open-source baselines in both zero-shot and fine-tuned settings. For zero-shot infer-
ence, the Plan-mPlug-0w13™ variant, which fine-tunes only the Plan Generation (PG)
module, surpasses other models in summary quality, factual consistency, and seman-
tic alignment. With full-parameter fine-tuning, Plan-mP1lug-0wl3 achieves the high-

est overall scores across models, showing improvements in factual accuracy (+3.47 in
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Method Model Open-source R1 R2 RLsum SacreBLEU Meteor BERTscore CIDEr-D VideoScore FactVC
LLaMA-3. 1yanscript v 23.68 422 2139 2.70 14.62 80.93 1.17 1.53 34.32
LLaMA-3.100R v/ 2402 437 2142 2.63 14.59 80.33 1.19 1.50 34.06
Qwen2-Audio v 2352 429 2153 2.49 14.77 80.62 1.15 1.59 34.31

® Claude 3.5 Sommet X 2771 559 2414 314 1753 8257 132 1 191 50.11
g Gemini 2.0 X 2782 566 2429 422 17.83 82.64 1.47 2.02 52.02
S GPT-o1 X 2790 569 2437 438 17.90 82.63 1.61 2.17 51.36
% Video-LLaMA v/ 20.18 319 2124 1.76 13.73 81.31 1.08 1.63 3225
; Video-ChatGPT v 2036 352 2143 1.79 14.01 81.35 1.11 1.63 33.21
& Video-LLavA v/ 2529 450 2252 2.82 15.13 81.39 1.17 1.65 36.45
LLaMA-VID v 25.31 477 22.53 2.88 15.27 81.32 1.14 1.64 36.39
LLaVA-NeXT-Interleave v/ 25.41 482 22.68 2.92 15.25 81.40 118 1.73 40.12
mPLUG-0w13 v 2557 482 2284 2.99 15.33 81.39 1.21 1.77 42.07
Plan-mPlug-0wl3* v 25.621 4957 22,971 3.1471 153971 81.45! 1.271% 1.861* 47.371%
LLaMA-3. 1yanscript v 3224 1138 3039 8.03 21.57 82.39 3.86 2.81 53.22
LLaMA-3.100R v/ 3301 1211 3052 8.04 21.55 82.41 3.92 2.77 53.19
2 Qwen2-Audio v 3217 1205 30.77 7.87 21.86 82.36 4.11 2.80 54.27
§ Video-LLaMa 3074 944 2833 ¢ 645 2249 8261 399 277 5205
g Video-ChatGPT v 31.68  10.50  30.40 7.63 23.67 82.62 4.02 2.78 55.02
" Video-LLaVA v 3316 1264 3037 8.17 23.92 82.81 426 2.83 59.13
% LLaMA-VID v 3331 1273 3049 8.22 23.90 83.01 431 2.88 62.20
3 LLaVA-NeXT-Interleave v 3337 1277 30.56 8.30 23.95 83.47 447 2.93 66.14
mPLUG-0w13 v 3340 1282 30.66 8.29 23.97 83.49 4.47 2.92 70.08
Plan-mPlug-0wl3 v 33.521 13.017F 31101 8.33 24111 83,531 4.52 3.1t 731174
LLaMA-3. 1iranseript v 3337 1193 3086 8.27 25.12 83.71 4.87 321 63.38
LLaMA-3.100R v 3402 1242 3172 8.51 15.11 84.09 4.89 3.32 65.84
o  Qwen2-Audio v 3382 1237 3163 8.33 25.09 83.62 4.83 3.22 66.62
£ Video-LLaMa 3219 1186 3168 841 2499 8383 471 304 6421
f Video-ChatGPT v/ 3247 1211 3221 8.72 25.09 83.91 4.82 3.11 66.09
£ Video-LLaVA v 3328 1339 3278 9.10 25.42 83.97 4.87 3.13 66.12
= LLaMA-VID v/ 3347 1353 32.80 9.21 25.41 84.03 4.91 3.17 68.30
" LLaVA-NeXT-Interleave v 3375 1361 32.88 9.26 25.63 84.11 5.01 3.23 73.42
mPLUG-0w13 v 3422 1362 3291 9.32 25.72 84.22 5.03 3.28 71.94
Plan-mPlug-0wl3 v 34531 13,741t 33257 9.561* 258811 84.3711 5.151t 3331 75411t

Table 5.4: Model performance on VISTA dataset. In Plan-mPlug-0w13*, only the PG module
is trained. Plans generated by the PG on the test set serve as input to the SG module for zero-shot
inference (no training is applied to the SG module). Symbols ' and ¥ indicate that the performance
of Plan-mPlug-0wl3 is significantly (p < 0.05) different from LLaVA-NeXT-Interleave
(third best) and mPLUG-0w13 (second best), when using the paired t-test.

FactVC) and quality (+0.34 in RLsum) compared to mPLUG-0w13. However, all mod-
els (including the plan-based method) exhibit hallucinations (FactVC) and alignment
(VideoScore) issues, and there are still significant differences (p-value of the paired t-test
is less than 0.05) between the human performance in this task, with reference summaries
scoring 88.54 on FactVC and 4.62 on VideoScore.

Impact of Modality Interplay. To explore the impact of different modality combina-
tions on our multimodal tasks, we conduct an experiment using Video-LLaMA (Zhang
et al. 2023a). Seven modality combinations are considered, including unimodal inputs
(video, audio, transcript) and their pairwise or joint combinations. For each configura-

tion, only the corresponding modality modules are updated while the remaining ones are
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Modality Zero-shot Learning QLoRA Fine-tuning Full Fine-tuning
R2 RLsum VideoScore FactVC | R2 RLsum VideoScore FactVC | R2  RLsum VideoScore FactVC

Video only 2.68 2034 1.55 28.93 | 883 27.51 2.65 50.66 | 10.78  30.02 291 60.87
Audio only 214  19.72 1.41 26.84 | 7.52 2634 2.48 4579 | 923 2793 2.73 58.02
Transcript only 2.02 18.01 1.34 2553 | 691 2433 2.39 44.87 844 25381 2.35 54.11
Video + Audio 319 2124 1.63 3225 | 944 2833 2.77 52.05 | 11.86 31.68 3.04 64.21
Video + Transcript 1.87 18.94 1.39 2776 | 735 24.82 2.51 48.63 9.01  27.19 2.65 5891
Audio + Transcript 1.64 1855 1.35 2748 | 723 2473 2.38 47.15 857 2582 2.54 55.39
Video + Audio + Transcript | 1.92  19.13 1.47 28.60 | 7.37 25.29 2.52 50.72 922 2721 2.61 59.30

Table 5.5: Performance comparison of different modality combinations.

kept frozen. The summarized results are shown in Table 5.5.

The results consistently show that video is the strongest standalone modality, likely
due to its rich spatial-temporal information. Audio offers complementary prosodic and
timing cues, but lacks semantic visual grounding. The transcript, while semantically
rich, often introduces long, noisy, and unstructured inputs, particularly from ASR sys-
tems, that can overwhelm the model’s attention and interfere with alignment. These
findings suggest that current video-based LMMs face challenges in effectively aligning
and fusing token-heavy, noisy textual inputs with corresponding visual or audio infor-

mation.

Impact of Plan Generation Ablations. We analyze the plan generation ablation by
comparing it with simpler baselines: Lead-3, Tail-3¢, and Random-3. In these ab-
lation baselines, plans are generated by selecting the first three, last three, or three ran-
domly chosen summary sentences, respectively. Each selected sentence serves as a tar-
get for generating a question, with its preceding sentences providing the context. For
instance, in the Lead-3 setting, the first sentence is used as the target (without any pre-
ceding context), prompting the first question in the plan, while subsequent sentences
incorporate earlier ones as context. Additionally, we compare the case where QUD 1is
not considered. That is, we directly let GPT-o1 generate all plan questions at once based
on the reference summary (NoQUD).

Table 5.6 underlines the performance differences across different plan generation ab-
lations. For NoQUD, it underperforms compared to the QUD-based approach. The Lead-
3¢ strategy performs better overall compared to Tail-3 and Random-3,, indicating that

initial sentences offer stronger contextual continuity for generating plan questions.

Impact of Plan Quality. We assess how the quality of the plan questions affects model

performance. We apply GPT-o1 as a question generator in a zero-shot setting in our pre-
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Model R2 RLsum VideoScore FactVC
Plan-mPlug-0wl3 13.74 33.25 3.33 75.41

~ Noqup 13.66 33.02 G 328 7332
Lead-3¢ 12.87 30.64 2.95 71.26
Tail-3¢ 11.62 30.51 2.88 63.82
Random-3¢ 11.57 30.48 2.87 64.28

Table 5.6: Performance comparison of different plan generation ablations under full fine-tuning
settings.

vious experiments. For comparative analysis, we additionally incorporate L1ama-3.1
and a state-of-the-art question generation algorithm (RAST) from Gou et al. (2023) to
generate the plan questions. In addition, we apply a Random Replacement (RR) method,
where questions generated by GPT-o1 are randomly replaced with irrelevant ones. The
number of replaced questions per summary ranges from one to the entire set. We also
introduce full random replacement (FRR), where questions generated by GPT-o01 are all

replaced with random irrelevant questions.’

GPT-01 : : 13.74
LLaMA-3.1 : : 13.70
RAST | 13.66
RR : : 13.64
FRR [12.71 : :
13.60 13.65 13.70 13.75
R2
—-— LLaVA-NeXT-Interleave —-— mPLUG-OwI3

Figure 5.5: Noise in plan generation impacts summarization performance. FRR is a shorthand
for Full Random Replacement, and RR for Random Replacement. RAST is a SOTA question
generation method.

Figure 5.5 reveals that the quality of plan questions does influence the summariza-
tion performance: Using GPT-o1 to generate questions outperforms the rest. The FRR

method performs the worst, as irrelevant questions disrupt the alignment between the

! The prompt for generating irrelevant questions is given in Appendix Figure C.7.
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plan and summary content. We also find that the plan-based method exhibits a certain
degree of robustness, as it performs reasonably well even when the plans contain some
degree of noise (RR vs. FRR). These findings emphasize the importance of question

relevance and quality in structuring the output summaries.

Impact of Video Context on Summary Generation. We examine the impact of dif-
ferent video context configurations on summary generation, comparing mPLUG-0w13
with Plan-mPlug-0wl3. Unlike earlier experiments that use the full video as input,
here only the first or last 10% or 30% of the video is provided as input. We report results
in the full fine-tuning setting.

Context Model R2 RLsum VideoScore FactVC
All mPLUG-0w13 13.62 32.91 3.28 71.94
Plan-mPlug-0wl3 13.74 33.25 3.33 75.41
First 10% mPLUG-0w13 6.31 25.44 2.37 51.02
’ Plan-mPlug-0wl3 7.37 27.38 2.52 52.39
First 30% mPLUG-0w13 9.42 28.88 2.78 54.10
’ Plan-mPlug-0wl3 10.59 30.13 2.78 55.37
Last 10% mPLUG-0w13 6.53 27.34 2.51 53.64
’ Plan-mPlug-0wl3 7.62 29.73 2.77 55.93
Last 30% mPLUG-0w13 7.32 29.17 2.82 57.36
’ Plan-mPlug-0wl3 10.72 31.29 2.98 62.05

Table 5.7: Model performance under different video context configurations (full fine-tuning).
The video content at the end is more helpful for summary generation.

The results in Table 5.7 indicate that partial video context consistently underperforms
compared to using the full video. Using the last part of the video generally produces bet-
ter results than using the first part, as concluding sections often summarize key findings
while opening sections primarily introduce background information. Additionally, uti-
lizing 30% of the video outperforms using only 10%, highlighting that more content
generally yields better outputs. Across all configurations, the Plan-mPlug-0w13 model
consistently outperforms mPLUG-0w13.

Impact of Text Context on Plan Generation. The generation of plan questions in
our experiments is influenced by the target sentence and its context. In our main experi-
ments, plan questions are generated based on the target sentence and its preceding sum-

mary text (Previous-Context), in line with the original Question Under Discussion
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(QUD) requirements (Wu et al. 2023a; Wu et al. 2023b; Liu et al. 2025b). We now assess
configurations that generate questions only based on the target sentence (No-Context)
or the entire summary (A11-Context).

As shown in Figure 5.6, performance differences between different context configu-
rations are relatively small (yet superior to models without planning components shown
as red and blue dashed lines). No-Context shows the lowest performance but is the
most cost-effective, as it requires the shortest input length for GPT-o01 during question
generation. A11-Context achieves slightly better results but at the highest computa-
tional cost due to the long input length. Previous-Context is aligned with QUD and

strikes a good balance, achieving the best performance for a moderate cost.

No-Context ; ; 13.69
Previous-Context | I | 13.74
All-Context | | | 13.72

13.60 13.65 13.70 13.75
R2
—-— LLaVA-NeXT-Interleave —-— mPLUG-OwI3

Figure 5.6: Impact of text context for plan generation.

Controllable Generation. An advantage of plan-based models is their ability to con-
trol the output summaries by modifying the plans used for generation. We investigate
how modifying the structure and composition of these plans impacts the generated sum-
maries, specifically comparing their performance against direct summary generation

control through instructions. To this end, we design two controlled experiments:

» Summary Readability: How question complexity affects readability, tailored for lay
readers or expert readers.

* Summary Length: How the number of questions influences summary length, by re-
moving 10%, 30%, and 60% of questions.

We note that the plan-based method employs an explicit planning component where
each sentence is guided by a corresponding question that facilitates fine-grained control
over the summary’s style or content. Specifically, after PG produces the plan, we use
GPT-o1 to edit it and then feed the edited questions back to SG for the final output.
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For GPT-o1, which operates in a zero-shot manner, we prepend constraints directly in
the prompt. Specifically, GPT-o1 generates an initial summary in one pass and then
applies additional prompt-based instructions during a secondary rewriting step to control
the output. Both control experiments (Table 5.8 and Table 5.9) reveal similar trends:

While performance declines for both models, the plan-based method is more robust and

controllable.
Condition Plan-mPlug-0wl3 GPT-o1
R2 FRE R2 FRE
No change 13.74 30.62 5.69 26.37
Lay questions 13.38 35.17 4.26 28.94
Expert questions 13.24 23.54 4.13 24.33

Table 5.8: Control experiment for summary readability. FRE = Flesch Reading Ease.

. Plan-mPlug-0wl3 GPT-o01
Condition
R2 Avg. #Tokens R2 Avg. #Tokens
No deletion 13.74 202.39 5.69 267.32
Delete 10% 11.05 178.47 4.32 220.49
Delete 30% 10.41 137.72 3.17 192.42
Delete 60% 8.01 100.32 2.98 185.28

Table 5.9: Control experiment for summary length.

In the readability control experiment (Table 5.8), both models show reductions in R2,
but Plan-mPlug-0wl3 declines less, averaging an R2 loss of 0.43 compared to 1.50 for
GPT-o1. Furthermore, Plan-mPlug-0w13 controls readability more effectively, achiev-
ing a higher Flesch Reading Ease (FRE) score? of 35.17 for lay questions, compared to
28.94 for GPT-o01, and a lower FRE score of 23.54 for expert questions. In the length
control experiment (Table 5.9), R2 scores decline as content is removed, but the plan-
based model aligns more closely with target compression ratios, producing summaries
averaging 100.32 tokens under 60% deletion, while GPT-o01 generates longer summaries
(185.28 tokens).

2 The FRE score, which ranges from 0 to 100, measures text readability, with higher scores indicating
easier-to-read content, and lower scores reflecting greater complexity.
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Planning Beyond Vision. While our primary objective is to evaluate the planning
framework in the context of video-to-text summarization, it is valuable to assess its ap-
plicability to unimodal, non-visual models. To this end, we conduct supplementary ex-
periments applying the planning method to three models that do not utilize video inputs:
(1) LLaMA-3. 14qnscript (ASR-based textual input), (2) LLaMA-3. 1pcr (OCR-based tex-
tual input), and (3) Qwen2-Audio (audio-based input). For each model, we compare
baseline performance (i.e., without planning) against the planning counterpart. As sum-
marized in Table 5.10, planning consistently improves performance across all settings
and evaluation metrics. A paired t-test confirms that these improvements are statistically
significant (p < 0.05).

These findings demonstrate that the planning method does not function solely as a
domain-specific enhancement but rather as a generalizable scaffold that supports better
discourse structure, even in the absence of visual input. We hypothesize that, for text-
and audio-based models, planning mitigates the lack of spatial-temporal signals by pro-
viding discourse-level anchors, such as intent-driven prompts (e.g., “What problem is

being addressed?”), that guide the model’s summarization trajectory.

Model Setting R2 RLsum VideoScore FactVC
Zero-shot Learning 422 —4.56 |21.39—22.01 | 1.53 —1.75 | 34.32 — 40.78
LLaMA-3. 14ranscript | QLORA Fine-tuning | 11.38 — 11.62 | 30.39 — 30.55 | 2.81 — 3.02 | 53.22 — 60.47
Full Fine-tuning 11.93 — 12.24 | 30.86 — 31.38 | 3.21 — 3.25 | 63.38 — 65.21
Zero-shot Learning | 4.37 —4.59 | 21.42 — 21.89 | 1.50 — 1.72 | 34.06 — 40.24
LLaMA-3.1pocR QLoRA Fine-tuning | 12.11 — 12.33 | 30.52 — 30.78 | 2.77 — 2.98 | 53.19 — 60.38
Full Fine-tuning 12.42 — 12.75 | 31.72 — 32.19 | 3.32 — 3.38 | 65.84 — 67.53
Zero-shot Learning | 429 —4.51 | 21.53 — 22.18 | 1.59 — 1.77 | 34.31 — 40.52
Qwen2-Audio QLoRA Fine-tuning | 12.05 — 12.19 | 30.77 — 31.04 | 2.80 — 3.01 | 54.27 — 61.44
Full Fine-tuning 12.37 — 12.68 | 31.63 — 32.12 | 3.22 — 3.25 | 66.62 — 68.25

Table 5.10: Performance of baseline vs. planning models in non-video settings across different
learning regimes. Each cell shows the result before — after applying the planning method.

Notably, despite these gains, video-based planning models such as Plan-mPLUG-0w13
still outperform their non-visual counterparts by a notable margin. Nonetheless, our
findings reinforce the idea that structured planning improves summarization quality be-

yond the video domain.

Human Evaluation. We conduct a human evaluation on 50 randomly selected in-

stances from the VISTA test set. Annotators include master’s and doctoral students
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Faithfulness

Relevance
3 950

Conciseness Informativeness

Models (best/worst)
——— Human (81.7%/0.1%) —— mPLUG-OwI3 (3.3%/12.3%) —— GPT-01 (0.4%/63.2%)
—— Plan-mPLUG-Owl (12.4%/6.6%) —— LLAVA-NeXT-Interleave (2.2%/17.8%)

Figure 5.7: Human evaluation results. Human-written summaries consistently outperform all
neural models.

in computer science or computational linguistics with advanced English proficiency.
They receive compensation per our university’s standard rate and are blind to the source
of each summary to ensure impartial assessment. We compare Plan-mPlug-0wl3,
mPLUG-0wl3, LLAVA-NeXT-Interleave, and GPT-o1l against human reference sum-
maries. Three independent annotators are asked to review the source video and evaluate
corresponding model outputs (and the human upper bound) on a 1-5 Likert scale for
Faithfulness, Relevance, Informativeness, Conciseness, and Coherence (higher scores
indicate better quality). They are also asked to provide an overall ranking. In total,
participants rated 750 samples (50 x 5 x 3). Appendix Section C.3 contains the full

evaluation instructions.

Figure 5.7 presents the performance of each model, along with the proportion of
instances where models are rated best or worst. Fleiss’ Kappa scores for Faithfulness
(k = 0.767), Relevance (x = 0.842), Informativeness (x = 0.721), Conciseness (k =
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0.792), and Coherence (v = 0.813) indicate a substantial level of agreement, with an
average agreement score of k = (.787. Overall, human-written summaries outperform
all neural summarization models in quality, as they are perceived as substantially more
faithful, coherent, concise, and informative. Human-written summaries are 81.7% more
likely to be rated as best compared to model-generated summaries.

Among the four neural models, GPT-o01 performs worst, being rated as worst 63.2%
of the time. LLAVA-NeXT-Interleave follows suit, with a 17.8% chance of receiving
the worst ranking. The plan-based model, P1an-mPLUG-0w13, outperforms mPLUG-0w13
and demonstrates superior performance across all metrics. Additionally, it stands out
among neural summarization systems for its higher likelihood of generating high-quality
summaries. Paired t-tests show that human answers are considered significantly better
than all neural models in all metrics (p < 0.05), revealing a clear gap between auto-
matic systems and human performance on the VISTA dataset. The plan-based method
is significantly better (p < 0.05) than other neural models in faithfulness, coherence,

and informativeness, although it falls short of human performance.

LMM-as-a-Judge Evaluation. To facilitate large-scale comparisons of model out-
puts, we adopt a method inspired by LLM-as-a-judge (Liusie et al. 2024; Liu et al.
2024d; Zheng et al. 2023; Liu et al. 2025b), extending it to use a large multimodal model
(Chen et al. 2024b). The proposed LMM-based evaluator incorporates both textual and
video modalities and assesses the same summary quality dimensions used in our human
evaluation for trend-level comparisons. Specifically, we use GPT-o1 as the evaluator.
To minimize potential bias from prior queries, the conversation history is reset before
each evaluation. The instructions for the LMM-as-a-Judge evaluation are provided in
Appendix Section C.4.

We validate the agreement between GPT-ol and human ratings by comparing its
ratings with human evaluations on the same 50 samples from the VISTA test set. We
calculate Fleiss’ Kappa between GPT-o01 and mean human ratings across the dimensions
of Faithfulness (k=0.732), Relevance (k=0.803), Informativeness (xk=0.730), Concise-
ness (k=0.792) and Coherence (k=0.721) at instance level. These results indicate that
human evaluators and GPT-o1 achieve substantial levels of agreement across these di-
mensions. Following this, we expand the evaluation to include all samples in our test
set.

Compared to fine-tuned models, GPT-o1 assigns the lowest scores to its own re-
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Faithfulness

Coherence Relevance
Conciseness Informativeness
Models (best/worst)
Human (90.2%/0.0%) —— mMPLUG-OWI3 (2.2%/6.9%) —— GPT-01 (0.2%/77.4%)
—— Plan-mPLUG-OwI (6.1%/4.9%) —— LLAVA-NeXT-Interleave (1.3%/10.8%)

Figure 5.8: LMM-as-a-Judge evaluation results showing that human-written summaries consis-
tently outperform neural models.

sponses (see Figure 5.8). Human-written summaries consistently receive the highest
scores and are generally regarded as the best. Aligning with our human evaluations,
GPT-o1 also recognizes that the plan-based model outperformed other models. We fur-
ther conduct paired t-tests to find that human summaries outperform all neural models
across all metrics with statistical significance (p < 0.05). Moreover, the plan-based
model demonstrates significantly better performance (p < 0.05) than other neural mod-
els across all metrics except for conciseness. Our results also indicate that although the
plan-based method can improve the performance of end-to-end models to some extent,
there is still a gap between machine-generated and human summaries, which also reflects

the challenging nature of our dataset.

Case Study and Error Analysis. For our case study, we randomly select a sample
(Kiibler et al. 2020) from the test split. The analysis in Table 5.11 reveals differences
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in summary quality across models and against the human-written text. Specifically,
GPT-o1 often produces concise summaries but at the cost of precision. For example, it
incorrectly claims that “data splitting helps control test thresholds,” which is a halluci-
nation — while data splitting ensures a tractable null distribution, it does not explicitly
control test thresholds. Furthermore, its summaries frequently oversimplify complex
concepts, reducing the depth of explanations and omitting crucial distinctions, such as
the role of dependency calibration in the proposed method. Similarly, nPLUG-0w13 in-
troduces factual inaccuracies, such as stating that data splitting “ensures a reliable null
distribution.” This phrasing misleadingly implies that reliability is an inherent property
of data splitting, whereas the correct point is that it makes the null distribution tractable

rather than necessarily more reliable.

Plan-mPlug-0wl3 is more factually accurate than the other models. It correctly
captures the main idea of full-sample hyperparameter learning and testing without data
splitting. However, it still introduces subtle distortions, such as falsely suggesting a
“trade-off” between test power and tractability, which misrepresents the actual relation-
ship. These inaccuracies, while less severe than those in GPT-o01 and mPLUG-0w13, high-
light the model’s tendency to infer unstated causal links, leading to potential misinterpre-
tations. Despite the relative strengths of Plan-mPlug-0wl3, all generated summaries
fall short of human-written text. The model-generated outputs consistently struggle with
informativeness, coherence, and factual accuracy. These shortcomings underscore the
ongoing challenge of improving automated summarization systems to better align with

human standards in both accuracy and clarity.

Controlled generation experiments reveal that hallucination issues are further am-
plified when imposing constraints on readability and length. Under readability con-
trol (Table 5.12), GPT-o1 is more likely to introduce fabricated or misleading content
when forced to generate more complex outputs. This occurs because it lacks an ex-
plicit mechanism to ensure factual consistency while adapting to varying readability
demands. Rather than relying on implicit internal heuristics, Plan-mPlug-0wl3 has
an explicit planning mechanism, which makes it less likely to introduce unsupported
claims. Planning provides an additional layer of control, helping the model maintain fac-
tual alignment even as readability demands change. A similar trend is observed in length
control experiments (Table 5.13). As the compression ratio increases, GPT-o1 struggles
to balance conciseness and informativeness, sometimes hallucinating missing details

to compensate for omitted content. This suggests that purely instruction-based control
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(i.e., prompting the model to shorten outputs) does not effectively enforce content reten-
tion, leading to greater inconsistencies. In contrast, the plan allows Plan-mPlug-0wl3
to selectively retain essential elements, reducing the risk of generating misleading con-
tent; it can also avoid answering deleted questions, to a certain extent.

These findings reinforce the advantages of plan-based control over instruction-based
prompting. While neither approach fully eliminates hallucinations, planning provides a
structured mechanism to manage content selection, ensuring greater alignment with the

input source compared to freeform generative adjustments.
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Model

Output

Reference

Modern large-scale kernel-based tests such as maximum mean discrepancy
(MMD) and kernelized Stein discrepancy (KSD) optimize kernel hyperparam-
eters on a held-out sample via data splitting to obtain the most powerful test
statistics. While data splitting results in a tractable null distribution, it suffers
from a reduction in test power due to a smaller test sample size. Inspired by the
selective inference framework, we propose an approach that enables learning
the hyperparameters and testing on the full sample without data splitting. Our
approach can correctly calibrate the test in the presence of such dependency
and yield a test threshold in closed form. At the same significance level, our
approach’s test power is empirically larger than that of the data-splitting ap-
proach, regardless of its split proportion.

GPT-o01

Modern kernel-based tests like MMD and KSD use data splitting to tune hy-
perparameters. This splitting helps control test thresholds but reduces power
because it splits the data into smaller parts. We propose a new method to tune
hyperparameters without splitting the data. Our method provides better test
power than data splitting.

mPLUG-0w13

Large-scale kernel-based tests like maximum mean discrepancy (MMD) and
kernelized Stein discrepancy (KSD) usually split the data to tune hyperparam-
eters. While this approach ensures a reliable null distribution, it reduces test
power due to smaller sample sizes. We propose a method that avoids data split-
ting, enabling full-sample hyperparameter learning and testing. This method
improves test power at the same significance level compared to data splitting,
with a closed-form threshold for the test.

Plan Questions

Plan-mPlug-0wl3

ql: How do kernel-based tests like MMD and KSD typically optimize hyper-
parameters?

g2: What is the key idea behind the proposed approach?

q3: What are the advantages of the proposed method compared to data-splitting
methods?

Modern kernel-based tests like maximum mean discrepancy (MMD) and ker-
nelized Stein discrepancy (KSD) typically split the data to optimize hyperpa-
rameters, trading off test power for a tractable null distribution. Inspired by
the selective inference framework, we propose a novel approach that elimi-
nates the need for data splitting, allowing full-sample hyperparameter learning
and testing. Our method addresses dependencies introduced by learning and
provides a closed-form test threshold while achieving higher test power than

data-splitting methods, regardless of split proportions.

Table 5.11: Comparative case study of model outputs. Hallucinations are highlighted in red.
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Model

Output

GPT-o1

Modern kernel-based tests, such as MMD and KSD, use data splitting to adjust
hyperparameters. This data splitting ensures proper test thresholds but weakens
test power because the data is divided into smaller portions. We propose a new
method that avoids splitting the data and provides better test power.

Plan Questions

Plan-mPlug-0wl3

ql: What do MMD and KSD do with data splitting?
q2: What is the main purpose of the proposed method?
q3: Why is the proposed method better than data splitting?

Kernel-based tests like maximum mean discrepancy (MMD) and kernelized
Stein discrepancy (KSD) typically divide the data into subsets to adjust hy-
perparameters. This approach ensures a manageable null distribution but re-
duces test power. Inspired by selective inference, we propose a new method
that avoids splitting the data. This method uses the entire dataset for hyperpa-
rameter tuning and testing, textcolorredeliminating dependencies introduced
by learning. It also provides a clear, closed-form test threshold and achieves
higher test power compared to data-splitting methods, regardless of the split
proportions.

Table 5.12: Decreasing reading difficulty: plan modifications vs instruction adjustments. Hal-

lucinations are in red.

Model

Output

GPT-o1

Kernel-based statistical methodologies, exemplified by maximum mean dis-
crepancy (MMD) and kernelized Stein discrepancy (KSD), conventionally em-
ploy data partitioning mechanisms to facilitate hyperparameter optimization.
While this stratagem ensures a well-calibrated null distribution, it inherently
compromises the statistical power of the test due to data fragmentation. We ad-
vance a paradigm wherein hyperparameter selection is conducted holistically,
circumventing data splitting and consequently preserving statistical power.

Plan Questions

Plan-mPlug-0wl3

ql: Through what operational principles do MMD and KSD navigate the in-
terplay between hyperparameter tuning and null distribution calibration?

q2: How does the selective inference framework inform the methodological
innovations of the proposed approach?

q3: What are the quantifiable and theoretical advantages of the proposed strat-
egy in circumventing the limitations imposed by data-splitting conventions?
Modern kernel-based tests like maximum mean discrepancy (MMD) and ker-
nelized Stein discrepancy (KSD) typically split the data to optimize hyperpa-
rameters, trading off test power for a tractable null distribution. Inspired by
the selective inference framework, we propose a novel approach that elimi-
nates the need for data splitting, allowing full-sample hyperparameter learning
and testing. Our method addresses dependencies introduced by learning and
provides a closed-form test threshold while achieving higher test power than
data-splitting methods, regardless of split proportions.

Table 5.13: Increasing reading difficulty: plan modifications vs. instruction adjustments. Hal-

lucinations are in red.
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Model Output

GPT-o01 Kernel-based tests like MMD and KSD use data splitting for hyperparameter
tuning, which controls thresholds but reduces power. We propose a method
that avoids splitting, improving test power.

Plan Questions ql: How do kernel-based tests like MMD and KSD typically optimize hyper-
parameters?
q2: What are the advantages of the proposed method compared to data-splitting
methods?

Plan-mPlug-0wl3 Kernel-based tests, such as maximum mean discrepancy (MMD) and kernel-

ized Stein discrepancy (KSD), rely on data splitting for hyperparameter tuning.
Our method delivers analytically derived test thresholds and consistently out-
performs data-splitting techniques in test power, regardless of how the data is
divided.

Table 5.14: Deleting 30% of plan questions vs. instruction adjustments. Hallucinations are
highlighted in red.
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5.6 Related Work

Video-to-Text Summarization. Video-to-Text Summarization generates coherent sum-
maries by integrating multimodal information (Hua et al. 2025), supported by datasets
like MSS (Li et al. 2017), VideoXum (Lin et al. 2024b), MMSum (Qiu et al. 2024), Hi-
erarchical3D (Papalampidi et al. 2023), and LfVS-T (Argaw et al. 2024), spanning tasks
from instructional videos to general web content (Li et al. 2017; Zhou et al. 2018; Li
etal. 2020a; Li et al. 2020b; Liu et al. 2021a; Fu et al. 2021; Liu et al. 2022a; Krubinski
et al. 2023; Han et al. 2025b; He et al. 2023; Hua et al. 2025; Islam et al. 2024a; Qiu
et al. 2024). Technical advancements include hierarchical attention models (Sanabria et
al. 2018), extractive methods using multimodal features (Cho et al. 2021; Krubinski et
al. 2023), and hybrid extractive-abstractive frameworks (Ramakrishnan et al. 2022; Pa-
palampidi et al. 2023). Transformer-based systems have further improved performance
(Krubinski et al. 2023; Li et al. 2020b; Shang et al. 2021; Mahon et al. 2024a). However,

challenges in summarizing academic videos remain under-explored.

Scientific Text Summarization. Scientific Text Summarization condenses complex
scholarly content into concise formats (Cachola et al. 2020; Ju et al. 2021; Liu et al.
2023c; Liu et al. 2023b), supported by datasets like TalkSumm (Lev et al. 2019) for
academic video transcripts, SumSurvey (Liu et al. 2024c) for survey papers, ACLSum
(Takeshita et al. 2024) for ACL discourse, and SciNews (Liu et al. 2024b) for simplifying
research for broader audiences. M3AV (Chen et al. 2024¢) supports tasks like ASR, TTS,
and slide-script generation. Methods like RST-LoRA (Liu et al. 2024a) and RSTformer
(Liu et al. 2023c) improve discourse and structural summarization, while CiteSum (Mao
et al. 2022b) and SSR (Fatima et al. 2023) focus on scalability and audience-specific
customization. Despite these efforts, scientific summarization remains a challenging

domain due to the inherent complexity and diversity of scholarly texts.

Plan-based Summarization. Plan-based Summarization employs structured repre-
sentations to improve summary quality and reduce hallucinations (Narayan et al. 2021;
Amplayo et al. 2021; Wang et al. 2022; Narayan et al. 2023; Liu et al. 2025b). Research
focuses on text-based planning with elements like entities (Narayan et al. 2021; Liu et
al. 2021d; Huot et al. 2024), keyword prompts (Creo et al. 2023), and question-answer
pairs (Narayan et al. 2023). Examples include PlanVerb (Canal et al. 2022), which con-



5.7. Chapter Summary 109

verts task plans into natural language via semantic tagging, and domain-specific ap-
proaches that align with knowledge structures for improved quality (Srivastava et al.
2024). Blueprint-based frameworks utilize intermediate plans to create coherent narra-
tives for visual storytelling (Liu et al. 2023a). However, plan-based strategies for multi-

modal tasks, particularly video-to-text summarization, have received limited attention.

5.7 Chapter Summary

This chapter addressed Research Question 3 by investigating whether discourse-aware
planning can support macro-level organization and factual grounding when the input
evidence is multimodal and temporally fragmented. To enable systematic evaluation,
the chapter first introduced VISTA, a dataset of 18,599 aligned scientific presentation
videos and paper abstracts. Benchmarking across proprietary and open-source mul-
timodal large models confirmed that scientific video-to-text summarization remains a
challenging task, with end-to-end generation often struggling to reproduce the organiza-
tional conventions of scientific abstracts. Building on the discourse-conditioning theme
developed in the preceding chapters, we tested whether a planning strategy that treats a
summary as a series of answers to ordered questions, grounded in the QUD framework,
could help reduce these organizational shortcomings. The results indicated that explicit
planning tends to improve summary quality, factual consistency, and alignment with
video content across zero-shot, QLoRA, and full fine-tuning settings, providing support
for Hypothesis I1I.

These findings suggest that separating organizational decisions from surface gen-
eration through an explicit planning stage can be beneficial even when the input is no
longer a coherent text document. However, the planning mechanism explored in this
chapter is primarily concerned with the macro-level structure of expert-style abstracts,
where the rhetorical moves are relatively predictable. The next chapter shifts to lay
summarization, where the target audience changes and the summary must additionally
incorporate explanatory content whose placement, scope, and discourse function require

more fine-grained control.






Discourse-Aware Planning for
Explanatory Summarization

Chapter 3 through Chapter 5 progressively develop a discourse-guided summarization
framework under increasingly complex conditions. Chapter 3 transforms RST relations
into type-aware probabilistic distributions and injects them into sparse attention en-
coders, which supports Research Question 1 (RQ1) and Hypothesis I. Chapter 4 extends
this approach under parameter-efficient fine-tuning constraints and provides empirical
support for Research Question 2 (RQ2) and Hypothesis II. Chapter 5 advances structured
generation to multimodal settings by introducing intermediate planning signals based on
the Question under Discussion (QUD) framework, consistent with Research Question 3
(RQ3) and Hypothesis III. A shared insight across these chapters is that modeling or-
ganizational decisions as explicit intermediate variables leads to more controllable and
diagnostically useful improvements. Building on this foundation, Chapter 6 turns to a
task more closely aligned with public communication, namely the generation of lay sum-
maries of scientific content for non-expert audiences. Unlike expert-oriented abstracts,
lay summaries should not only compress information but also provide explanatory con-
tent that reduces barriers to understanding through background elaboration, analogies,
or causal reasoning. The challenge is that existing end-to-end models typically do not
explicitly model where explanations are needed, what their referents are, or what dis-
course function they should serve. As a result, the generated summaries contain too few
explanatory sentences or fail to connect them clearly with the main content. Against this

backdrop, Research Question 4 (RQ4) asks how explanatory content in public-facing

111



112 6. Discourse-Aware Planning for Explanatory Summarization

summarization can be treated as a controllable discourse element to improve accessibil-
ity and readability without compromising factual reliability.

To this end, Chapter 6 tests Hypothesis IV that, when modeled as controllable dis-
course elements, explanations can enhance the accessibility and readability of public-
facing summaries while preserving factual reliability, provided that their discourse scope,
target specificity, and placement are explicitly managed. Concretely, Chapter 6 in-
tegrates explanatory modeling into the planning-based framework developed in ear-
lier chapters by using an RST parser to extract explanatory elementary discourse units
(EDUs) and their corresponding target EDUs from reference lay summaries. These ex-
planations are then treated as answers to implicit questions based on the QUD frame-
work, which are made explicit as ordered plans. Two model variants are trained, one
that takes the plan as input conditions (Plan-Input) and another that uses it as a prefix
to guide generation (Plan-Output). To better align evaluation with task requirements,
Chapter 6 also introduces adjustments on the assessment side. This evaluation strategy
incorporates external knowledge verification through retrieval and fact-checking meth-
ods based on sources such as Wikipedia, alongside human evaluations to assess factual
correctness and the usefulness of explanations. Subsequent experiments on three lay
summarization datasets (SciNews, eLife, and PLOS) evaluate whether the discourse-
driven planning approach can yield measurable gains in explanation quality and factual
consistency. Chapter 6 also compares plan-based variants against end-to-end baselines
and analyzes their relative impact on accessibility, readability, and the proportion of

explanatory content in generated summaries.

6.1 Problem Formulation

In the domain of lay summarization for scientific documents, the inclusion of explana-
tory content is beneficial for improving readability and accessibility, particularly when
dealing with difficult concepts or complicated statements (Srikanth et al. 2021; August
et al. 2022; Luo et al. 2022; Goldsack et al. 2022). As an example, consider the target
sentence being explained (highlighted in orange ) within the lay summary in Figure 6.1.
It describes the role of the cerebellum (a similar sentence can be found in the source doc-
ument, also highlighted in orange ) and is accompanied by an explanation highlighted
in green , which compares the cerebellum to a coach. This analogy, which illustrates

how the cerebellum adjusts the timing of actions based on previous movements, makes
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Lay Summary |-, '

i ... [The cerebellum utilizes proprioceptive feedback to fine-tune the timing
i of movements in a sequence based on previous actions.]EDUi [Imagme the

! cerebellum as a coach who watches how you perform amove, then gives tlps
‘." to improve the next one based on what was seen.]F

©

Elaboration

i ... Inprinciple, the cerebellar mechanisms underlying movement sequences !
i could be different from, or at least somewhat different from those mediating !

: single-component movements ... The cerebellum leverages proprioceptive !
@ @ i feedback to calibrate the temporal dynamics of subsequent movements :
! within a learned sequence. The cerebellum has been long implicated in ;

Nucleus < Satellite ' ! le.arnmg.and execution of accurate movements ... We employed electrical
i stimulation of mossy fibers as a cue to learn a single-component response.

Figure 6.1: An excerpt of a source document paired with its summary (bottom); the explanatory
sentence and its target are highlighted in green and orange, respectively. The RST tree (top)
for the text corresponding to the two sentences shows they are linked by the rhetorical relation
Elaboration.

the preceding technical description easier to understand. Using simpler vocabulary or
shorter sentences can make the summaries easier to read, but could also lead to misin-
terpretations (Liu et al. 2023b; Han et al. 2023; Wu et al. 2023b; Hewett et al. 2024).
Thus, explanations are often used to avoid this, balancing accessibility with accuracy
and cognitive load (Oksa et al. 2010).

Empirical analysis of lay summaries supports the observation that explanations are
commonplace. Specifically, by using a discourse parser (Liu et al. 2020; Liu et al. 2021e)
to identify explanations in the eLife and PLOS (lay summarization) datasets (Goldsack
et al. 2022), we find that explanations account for approximately 19.02% and 18.19%
of summary sentences, respectively. This proportion of explanations in lay summaries
is three times higher than in expert summaries (6.28% and 5.06%) and nearly four times
greater than in the original academic papers (5.16% and 4.76%). In other words, expla-
nations are significantly more common than other discourse relations like Condition and
Purpose. This underscores their importance in structuring lay summaries and enhancing

text accessibility.

Most lay summarization models follow an end-to-end approach (Goldsack et al.
2022; Liu et al. 2022a; Goldsack et al. 2023; Liu et al. 2024b) without explicitly account-
ing for explanations. As a result, explanations are often underrepresented in generated
summaries, which in turn may explain why generated summaries lack the clarity and
readability found in human-produced ones (Guo et al. 2021b; Goldsack et al. 2023; Tang
et al. 2023a; Liu et al. 2023b; Zhang et al. 2024c; Wang et al. 2025a). In this chapter, we

develop neural models that are capable of generating lay summaries with controlled ex-
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planatory content. We achieve this by planning the content of the summary, thus directly
steering the model towards generating explanations. Plan-based models are a suitable
type of approach for lay summarization, as they are less prone to hallucinations, offer
greater controllability (Puduppully et al. 2019; Narayan et al. 2021; Moryossef et al.
2023; Narayan et al. 2023; Huot et al. 2023; Huot et al. 2024; Liu et al. 2025a), and can

be flexibly adapted to different generation tasks depending on how plans are formulated.

Our method conceptualizes plans as a series of questions that trigger explanatory
content, with their strategic placement learned from training data. This placement is not
arbitrary; rather, it reflects where human writers tend to insert explanations to clarify
complex claims or findings. Importantly, our approach not only models where to ex-
plain, but also what is being explained and how—e.g., through analogy, background,
or causal reasoning. In addition, evaluating such explanations remains challenging, as
automatic consistency detection metrics often misclassify useful additions as hallucina-
tions (Cao et al. 2022a). To address this, we incorporate external knowledge verification,
but acknowledge that finer-grained human or LLM-based judgments are still needed for

nuanced evaluation.

A common challenge with plan-based models is the scarcity of datasets with plan
annotations. As a result, plans are often reverse-engineered from existing reference
summaries through automatic means, e.g., by identifying entities (Narayan et al. 2021;
Huot et al. 2024) or generating questions and their answers (Narayan et al. 2023). Our
approach draws inspiration from Rhetorical Structure Theory (RST; Mann et al. 1987).
RST represents texts as trees (see Figure 6.1), where the leaves correspond to Elementary
Discourse Units (EDUs) and the nodes specitfy how these and larger units are connected
through rhetorical relations (e.g., Elaboration). Discourse units are further characterized
in terms of their text importance: nuclei represent central segments, whereas satellites
denote peripheral ones. As depicted in the right part of Figure 6.1, EDU; acts as a satel-
lite to EDU,, supplying an explanation.

We automatically generate plans from reference summaries annotated with RST trees
(Liu et al. 2020; Liu et al. 2021e). We hypothesize that explanatory EDUs answer latent
questions (Beaver et al. 2017), which we verbalize. Our plans are designed to pose these
latent questions, but we do not state the answers explicitly (see Figure 6.2). We develop
two model variants that differ in how they integrate planning in the summarization pro-
cess, with plans either included as part of the source document or as part of the target

summary. Empirical results using Mistral (Jiang et al. 2023a) as backbone confirm
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that our discourse-driven planning approach significantly improves the quality of lay
summaries but also has the potential to control the generation of explanatory content to

a certain extent.

6.2 Methodology

= Planning queStions | ------- === - oo m o
: g

: ql: How does the cerebellum use feedback to adjust the timing of movements in a sequence?
' q2: How does the cerebellum use feedback from one blink to trigger the next in a sequence?
') q3: How can a blink in one eye trigger a blink in the other eye?

~{Processed summary J - -
' [The cerebellum utilizes proprioceptive feedback to fine-tune the timing of movements in a sequence

' based on previous actions.]t [Imagine the cerebellum as a coach who watches how you perform a move,

! then gives tips to improve the next one based on what was seen.]®t But how exactly does it achieve this?
[To investigate, we trained rabbits to blink in response to an external cue and explored whether the

' cerebellum could use feedback from one blink to trigger the next.]tz [As expected, after learning the initial
blink, the rabbits blinked again in response to their own first blink, creating a chain of movements.]®:

| Control experiments confirmed that each blink was initiated by the previous one rather than the original

| cue. Consistent patterns of brain activity during this process indicate that the cerebellum adjusts

| movement based on feedback from previous actions. [Building on this, we trained rabbits to blink on cue, |
and they learned to initiate additional blinks in response to earlier blinks in the sequence.]t3 [We further '
?1 found that the rabbits could use a blink from one eye as a cue to trigger a blink in the other eye, suggesting
' that the same mechanism governs these movements.]%: This raises the possibility that the cerebellum
might also guide sequences of cortical activity during cognitive tasks, given its extensive connections to

' the cortex, a question future experiments should explore.

1 Target EDU 1 Explanatory EDU

Figure 6.2: We use DMRST (Liu et al. 2021¢) to extract explanatory (¢) EDUs and their target (¢)
EDUs from reference summaries, and then feed this data into GPT-4o0 to generate plans (b).

Task Definition. We formalize explanatory summarization as follows:

Let D ={(z1,51),(x2,52),...,(Tn,5n)} (6.1)

denote a dataset where each tuple (x;, s;) contains a document x; and its correspond-
ing lay summary s;. We further assume s; contains some explanatory elements e; such
as examples, contextual explanations, or background information. Our objective is to

devise a summarization model that can model the generation of this explanatory content.
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Model Overview. Inspired by the blueprint approach (Narayan et al. 2023), we pro-
pose a discourse-driven planning method to achieve the above goal. This involves trans-

forming the original dataset D into

D/ - {(chu b17 81)7 (:CQ, b27 52)7 cee (':En7 bTL7 Sn)} (62)

by introducing a planning component b. We then train a summarization model to
learn the conditional probability distribution P(S|X, B) or P(B,S|X), where S =
{s1,...ysn}, X = {x1,...,2,}, and B = {by,...,b,}. Each b; in B consists of a
series of ordered plan questions (¢1, g2, - - - , ¢, ), which do not initially exist in the orig-
inal dataset D.

Note that P(S| X, B) assumes plan b is treated as part of the input sequence, whereas
P(B, S| X) treats b as a prefix to summary generation. The key challenge in training ei-
ther model is that plan b is latent. We thus automatically augment the original training
pairs (z, s) into triplets (z, b, s), with b acting as a conditional or control signal, offering
an overarching plan for summary generation while also guiding the creation of explana-

tory sentences by prompting responses to the plan.

Explanatory Content Extraction. To obtain triplets (x,b, s), we apply DMRST (Liu
et al. 2020; Liu et al. 2021¢), an RST-based parser, to automatically identify and extract
all EDUs functioning as explanations in reference summary s (see Figure 6.2). Out
of 18 rhetorical categories, we select four that are relevant to explanatory sentences:
Background, Elaboration, Explanation, and Comparison (Table 6.1 has the full list).
Given the directed nature of RST relations, we can identify discourse units that serve as
explanations and the content they explain (see Figure 6.1). Note that the extracted EDU
pairs act only as a silver standard proxy for the subsequent training phase of our models.

RST type RST label

Background  Background, Circumstance

Elaboration  Elaboration-additional, Elaboration-general-specific, Elaboration-part-whole, Elaboration-process-step,
Elaboration-object-attribute, Elaboration-set-member, Example, Definition

Explanation  Evidence, Explanation-argumentative, Reason

Comparison Comparison, Preference, Analogy, Proportion, Topic-Comment

Table 6.1: RST explanatory relations.
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Explanatory Plan Generation. We propose that explanatory sentences can serve as
responses to (implicit) questions raised by preceding target sentences, aligning with the
theoretical framework of Question under Discussion (QUD). We employ GPT-40 (Ope-
nAl. 2023) to generate these questions from target sentences (attested in reference sum-
mary) and the preceding context, as illustrated in Figure 6.2. For example, the plan
question q is generated based on the target sentence t, and the sentences that precede it.
We do not filter the generated questions, but we create the plan by following the order in
which explanations appear in the reference. The prompt for generating plan questions

can be found in Appendix Figure D.1.

Explanatory Summarization Models. We propose two model variants. The first
variant (Plan-Output) concatenates all plan questions b with the summary s to form
a sequence [b; s| for each document-summary pair. The training objective for this model
is to generate both the plan and the summary based on the input document x.

The second variant (Plan-Input) is not an end-to-end model. Instead, it employs a
Plan Generation (PG) module and a Summary Generation (SG) module, which are trained
separately. The PG module learns to generate plan b from the input document x, and is
trained on (z, b) pairs, where x is the input and b is the silver standard plan. The SG
module is trained on ([z; b], s) tuples where [z; b] represents the input document enriched
with plan b (we concatenate input document x with plan b). At test time, the trained PG
module is used to predict plan b based on input document x. Generated questions b are
then combined with z to form the input [z; 13] for the SG module, which produces the
final summary on the test set.

Plan-QOutput trains a single end-to-end model that learns to joint/y generate the plan
and the summary. This design reduces inference overhead, making it well-suited for real-
time applications or resource-constrained environments (since only one inference call is
made during testing). In contrast, Plan-Input adopts a modular approach, training the
PG and SG components separately. This makes Plan-Input better suited to settings
where task requirements evolve over time, allowing for the refinement or replacement
of individual module components as needed.

Note that the original Blueprint approach of Narayan et al. (2023), relies on phrase-
level control (the answers to the questions are mostly named entities) and, as such, cannot
be readily used to control the generation of explanations that are typically longer and

semantically richer. Moreover, the frequent repetition of entities (i.e., the same entity is
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often mentioned multiple times) adds unnecessary complexity to the planning process,
necessitating the use of filtering algorithms to streamline it. In contrast, planning at the

EDU-level provides a more cohesive structure and reduces redundancy.

6.3 Experimental Setup

Datasets. We report results on three lay summarization datasets, namely SciNews (Liu
et al. 2024b), eLife (Goldsack et al. 2022), and PLOS (Goldsack et al. 2022).

Automatic Evaluation Metrics. We report several complementary metrics aimed at
assessing different facets of summary quality. We use Rouge (Lin. 2004) and BERTScore
(Zhang et al. 2020b) to evaluate informativeness against the human references; we report
F1 of Rouge-2 (R2) and Rouge-Lsum (RLsum). We use D-SARI (Sun et al. 2021) and
Flesch Reading Ease Formula (FRE, Kincaid et al. 1975) to measure summary readabil-
ity. D-SARI and FRE scores range from 0 to 100, with higher values indicating easier-
to-read material and lower scores reflecting more complex passages. Additionally, we
compute ExpRatio, which represents the proportion of explanatory EDUs to the total
number of EDUs in the generated summary (explanatory and target EDUs always appear
in pairs due to the RST structure). A higher ExpRatio suggests the summary contains
more explanations. We also report the generated summary /length, which we calculate
as the average number of summary tokens (AST) using spaCly.

We assess factual consistency between the source document and the generated sum-
mary using SummaCc,,, (Laban et al. 2022), which determines whether summary sen-
tences are entailed by the input. However, human-written lay summaries often include
additional external information, which could be mistakenly classified as hallucinations
when assessed automatically with original SummaCcy,,,,. This highlights the limitations
of traditional consistency detection metrics for our task, where only extrinsic hallucina-
tions, rather than all additional explanations, should be penalized.

To address this issue, we propose a new SummaC variant. Specifically, for summary
sentences with entailment scores below 0.5 (i.e., not supported by the source text), we
use the Wikipedia-API to retrieve relevant articles and re-evaluate these sentences using
SummaCc,y,y. This approach allows us to determine whether sentences unsupported by
the source text can be validated using external knowledge bases. If the highest entailment

score from the retrieved articles is higher than the original score, it replaces the original


https://spacy.io/
https://wikipedia-api.readthedocs.io/en/latest/
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score for that sentence. We report both the original SummaCc,,,, and the proposed variant,
which we call SummaC*. We also leverage VeriScore (Song et al. 2024b) to verify
whether the claims in the generated summary align with objective facts by consulting

external knowledge bases. For claim extraction and verification, we use GPT-4o.

Model Comparisons. We build Plan-Output and Plan-Input (PG and SG) on top of
the Mistral-7B-Instruct-v0. 3, which we fully fine-tune on the above datasets (en-
riched with plan annotations). We compare our models against the following Mistral
configurations: a) zero-shot setting (Mistralg); b) in-context learning with one ran-
domly selected demonstration from the training split (Mistral;sy); and c) full param-
eter fine-tuning without planning (Mistralpgr).

We also re-implement the best-performing multi-task blueprint model (Blueprint ;7)
from Narayan et al. (2023), which is optimized for two tasks: 1) question generation
given source document and said answer, or 2) summary generation given the same doc-
ument and its question-answer plan. We use GPT-4o0 to identify answers (while the orig-
inal Blueprint model extracts answers using spaCy, we employ GPT-40 which leads to
better performance — on average 2.21% higher RLsum across datasets) and generate cor-
responding questions and fine-tune with the same backbone Mistral model on datasets
enriched with question-answer plans.!

We also include results with GPT-40 (OpenAl. 2023) in zero-shot (GPT-40y5) and
in-context learning (GPT-40;¢ ) settings; we compare against the state-of-the-art (SOTA)
methods on each dataset (results are directly taken from respective publications). For a
fair comparison, we use the same prompt and/or selected sample for bothMistral zg/;c1,
and GPT-40z5/7cr. After inference, we discard all generated plans, retaining only the

summaries for automatic evaluation.

Hyper-parameter Settings. For all fine-tuning experiments, we utilize the AdamW
optimizer (Loshchilov et al. 2019) with 8; = 0.9, 3, = 0.999, ¢ = 10~?, and weight
decay = 0.1, along with a warm-up ratio of 0.15. The initial learning rate is set to Se-
5, employing cosine learning rate scheduling. We set the random seed to 2,024 and the
dropout rate to 0.1. For SciNews, we set the maximum number of new generation tokens
to 1,024, for eLife to 512, and for PLOS to 256. All other parameters follow the default

settings of the Transformers library. During training, we save the checkpoint with

! Prompts are offered in Appendix Figure D.2, Figure D.3, Figure D.4 and Figure D.5.
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the highest Rouge-2 F1 on the validation set as the final checkpoint. All experiments
run for 15 epochs with a batch size of 8, and early stopping is implemented to prevent
overfitting, with all models converging before reaching 15 epochs. During inference,
we employ beam search with size 4, length penalty of 3.0, and set the no-repeat n-gram
size to 3.

For GPT-40,% we use version gpt-40-2024-05-13 (our experiments took place May
1, 2024, to March 31, 2025). We set temperature to 1, top_p to 1, frequency penalty
to 0.2, and presence penalty to 0.2. All other hyperparameters follow OpenAl’s default

values.

6.4 Results and Analysis

Our results are summarized in Table 6.2, which consists of three main blocks corre-
sponding to different datasets. Within each block, we compare models in zero-shot and
in-context learning settings against fine-tuned systems and, where applicable, against
the human reference summaries.

We find the performance of fine-tuned models to be superior. Across all metrics
and datasets, Plan-Input emerges as the top-performing model, followed closely by
Plan-Output (see R2 and RLsum). Recall that P1lan-Input is a pipeline system where
the plan and summary generation stages are trained separately, which we hypothesize
makes the summarization task easier.

In comparison to the related Blueprint,,r and other comparison models, our two
discourse-driven systems produce summaries that are easier to read (see FRE and D-SARI),
contain more explanations (see ExpRatio), are closer to human-level performance (see
Reference Summary), and align more closely with human summaries in terms of length
(AST). Since Blueprint y,r relies on entities and phrases to generate plans, it lacks diver-
sity in the types of questions it predicts; in fact, what and who questions are the greatest
majority with an average of 82.2% across datasets. In contrast, our models produce a
more balanced distribution, with what and who questions making up 23.2% of the plan,
while how and why questions account for an average of 66.4%.

As human-authored summaries often include content that is not directly mentioned
in the source document (Cao et al. 2022a), we observe relatively low (original) SummaC

scores. However, when external knowledge bases are considered, we find that human

Zhttps://platform.openai.com/docs/models/
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Data Model R2 RLsum BERTscore D-SARI FRE ExpRatio AST SummaC/SummaC* VeriScore
Mistralzg 7.07 37.02 57.21 14.12 27.41 10.45 554.29 46.11/52.65 0.43
Mistralror 7.11 37.31 57.57 14.65 31.93 9.87 602.33 50.12/59.27 0.48
GPT-40y5 12.79 40.51 58.15 20.15 33.05 11.73 611.09 58.21/64.96 0.56

,  GPT-4oscp 13.22 40.73 58.17 20.33 38.91 11.90 634.76 60.04/66.74 0.52

% Mistralpr 1556 46.12 6438 - 3011 3825 1361 66927 ¢ 64.10/69.73 056

% Blueprintyr 15.62 46.10 64.33 32.35 40.01 15.03 688.93 72.35/75.18 0.62

" Plan-Output 1573 46.30 65.34 36.23 4225 17.51 685.33 72.29/75.03 0.67
Plan-Input 158811 46.417t 65.321% 37.18% 4311t 17681 692.141% 72.401/75.381% 0.711
Liu et al. (2024b) 14.92 45.19 62.80 — — — — — —

" Reference Summary - — - B — = a3 1891 69480 45.08/81.94 081
Mistralyzg 8.90 36.19 61.38 18.28 28.43 10.29 301.16 45.45/56.68 0.39
Mistraljoy 8.97 36.26 61.40 20.07 33.60 10.30 333.27 47.42/58.98 0.45
GPT-40y5 11.15 4429 64.34 24.57 38.17 11.10 329.39 47.30/58.46 0.56
GPT-40/c, 11.31 44.38 63.77 25.52 44.19 11.22 368.42 50.92/60.07 0.60

“Mistralpr 1440 4768 8687 3260 4842 1356 37759 5831/62.33 058

& Blueprintyr 14.85 48.09 87.22 3531 50.33 14.51 375.47 60.31/65.44 0.62

3 Plan-Output 14.91 4827 87.57 38.77 56.76 17.71 377.61 61.33/68.21 0.70
Plan-Input 15111 48.641% 87.921% 39.2211 55481t 17.7311 380.391F  61.3511/68.2811 0.75
Goldsack et al. (2023)  14.24 45.71 85.40 — — — — — —
Liu et al. (2024a) 14.92 4821 87.81 — — — — — —
Zhang et al. (2024c) 12.57 44.14 85.20 — — — — — —

" Reference Summary - — - — — =518 19.02  383.02 ¢ 4938/8228 083
Mistralygs 6.43 31.42 63.24 19.09 29.70 11.03 130.14 45.83/67.47 0.41
Mistralror 6.50 31.66 63.31 21.27 35.93 11.19 149.30 49.02/68.87 0.44
GPT-40y5 11.57 35.39 64.22 21.06 32.69 12.31 155.25 55.23/70.79 0.52
GPT-4o0/c7, 11.72 35.40 64.50 23.74 39.44 12.31 152.38 58.02/73.03 0.50

» Mistralpr 1431 4022 8769 ¢ 3239 3645 1370 15893 ¢ 60.02/7525 057
S Blueprintyr 14.20 41.35 88.04 33.48 36.04 14.67 166.54 62.22/77.67 0.63
% Plan-Output 15.28 41.33 88.17 39.22 40.01 18.12 167.77 62.25/77.79 0.74
Plan-Input 15721 41.641t 88.221% 40.07'1 40271 17.651% 1711214 62.271/77.951% 0.721%
Goldsack etal. (2022)  13.52 38.63 — — — — — — —
Zhang et al. (2024c) 12.33 40.60 85.70 — — — — — —
" Reference Summary - — — — = 73008 1819 17866 53.43/8471 087

Table 6.2: Model performance on three lay summarization datasets. Bold numbers represent the
best results achieved by the models in each test set, excluding human results from the compar-
ison. ExpRatio is the number of explanatory EDUs over all EDUs in summaries. Symbols '
and ¥ denote that Plan-Input is statistically significant (p < 0.05) against Mistralpzy and
Blueprint, 7 using paired t-test, respectively.

summaries exhibit the lowest level of extrinsic hallucinations. VeriScore results fur-
ther corroborate the observation that model-generated summaries lag behind human-
authored ones regarding factual consistency. Nevertheless, fine-tuned models are over-
all more consistent, with plan-based models having an advantage against Mistralpp
and state-of-the-art systems. Both Plan-Input and Plan-Output achieve the highest
consistency scores across datasets and metrics, indicating that planning at the EDU-level
not only enhances consistency compared to phrase-level planning but also enables the
generation of summaries with more elaborations while maintaining lower levels of hal-

lucinations.
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Impact of Plan Generation Ablation. Next, we ablate our plan generation strategy
more closely, comparing it to naive alternatives. We apply Plan-Input as our main

model, except when indicated otherwise.

1. Lead-3¢ and Lead-K: Generate plans based on the first 3 or first X' EDUs in the

reference summary.

2. Tail-3¢ and Tail-K¢: Generate plans based on the last 3 or last X' EDUs in the
reference summary.

3. Random-3( and Random-K: Generate plans based on 3 random or /& random

EDUs in the reference summary.
4. All-EDUsg: Generate plans based on each of the EDUs in the reference summary.
5. NonExp-EDUs: Generate plans based on each of the non-explanatory EDUs in
the reference summary.
6. PG for zero-shot learning: Train a PG model and use the plan questions it generates

as instructions to Mistral in a zero-shot setting.?

Here, K denotes the average number of explanatory EDUs parsed in training set
summaries, rounded up to the nearest whole number (K = 8 for SciNews, K = 4 for
eLife, and K = 2 for PLOS). For the first four experiments, we do not differentiate be-
tween explanatory and non-explanatory EDUs. Each selected EDU serves as the target
sentence; all preceding EDUs are considered context and are used to generate the corre-
sponding plan questions. For instance, in the All-EDUs, experiment (all sentences from
the reference summary are involved in the plan generation, rather than being limited to
explanatory EDUs), the first sentence is treated as a target EDU (since there are no pre-
ceding EDUs, there is no context in this case), and the first plan question is generated.
Next, the second EDU is treated as a target EDU, and the first EDU is used as context,
and so on.

As shown in Table 6.3, Lead-3¢, Lead-K), and All-EDUs, strategies demonstrate
marginal improvements over Mistral g across all datasets, while all other strategies re-
sult in decreased performance. All strategies in Table 6.3 are worse than Blueprint r,
Plan-Input, and Plan-Output, in terms of summary quality and factual consistency.
This implies that heuristic ablations are less effective for the generation of plan questions.
Results for NonExp-EDUs( and All-EDUs( also verify that modeling and generating

plan questions for explanatory sentences is more valuable for lay summarization than

3 The prompt can be found in Appendix Figure D.5.
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modeling and generating plans for other sentences. Results for Mistral g, pe further

show that a robust plan generator improves performance, even in zero-shot settings.

Data Model R2 RLsum VeriScore
Mistralpr 15.56 46.12 0.56
C Lead3, 1547 4612 059
Lead-Kq 15.50 46.15 0.52
2 Tail-3¢ 15.41 45.80 0.50
4 Tail-Kq 15.40 45.85 0.50
3 Random-3¢ 15.35 45.88 0.48
Random-Kg 15.33 45.94 0.47
All-EDUsg 15.48 46.11 0.52
NonExp-EDUs 15.42 46.03 0.49
 Mistralgeipe 705 3110 046
Mistralpp 14.40 47.68 0.58
© Lead3, 1468 4814 059
Lead-Kq 14.71 48.11 0.60
Tail-3¢ 14.25 47.85 0.54
'ﬁ:} Tail-Kg 14.30 47.74 0.54
Random-3¢ 14.65 48.05 0.56
Random-K¢ 14.62 48.00 0.55
All-EDUsq 14.62 48.10 0.56
NonExp-EDUs 14.56 48.02 0.52
 Mistralgeipe 1001 3869 042
Mistralpr 14.31 40.22 0.57
 Lead3q 1469 4066 059
Lead-Kq 14.57 40.59 0.56
" Tail-3¢ 13.78 40.12 0.52
g Tail-Kg 13.72 40.18 0.51
Random-3¢ 14.21 40.26 0.54
Random-Kg 14.14 40.20 0.53
All-EDUsq 14.41 40.33 0.55
NonExp-EDUsg 14.37 40.33 0.54
 Mistralgepe 674 3244 048

Table 6.3: Comparison of different plan generation strategies using Plan-Input and Mistral
in fine-tuned and zero-shot settings.

Impact of Discourse Parser. We next investigate the extent to which the choice of

RST parser influences summary output quality. Specifically, we compare the DMRST
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parser, which has been trained on the RST treebank, against results derived from GPT-40
and Mistral in zero-shot settings (the instruction is detailed in Appendix Figure D.6).
For GPT-40 and Mistral, we use these models to directly extract explanatory sentences
and their target sentences, rather than performing RST parsing, as RST parsing is a more
complex task.* Following Stede et al. (2017), we implement a rule-based method (RB)
for extracting explanations (detailed in Appendix Section D.1). We also use the RST-
Coref parser (Guz et al. 2020) and LLaMA-based RST parser (Maekawa et al. 2024)
for comparison. To simulate parser instability, we design a random replacement (RR)
method, where explanatory EDUs identified by DMRST are randomly replaced with non-
explanatory or non-target EDUs. The number of replacements varies from one to the
total number of explanatory EDUs per article, mimicking parser inaccuracy in identify-
ing explanatory content. Finally, we introduce full random replacement (FRR), a variant
representing the worst-case scenario of parser inaccuracy, where all explanatory EDUs
are replaced with randomly selected non-explanatory or non-target EDUs. All these

models are trained using Plan-Input as the default model.
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Figure 6.3: Summary quality as a function of different RST parsers.

Figure 6.3 shows that summarization performance improves with parsing accuracy

(see DMRST vs. RR/FRR). DMRST consistently outperforms more naive methods based

4 The performance is better in the former way—on average, the RLsum score is 7.82% higher than the
latter across datasets when applied Mistral under zero-shot setting.
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on GPT-40 and Mistral, as well as the RST-Coref parser and the rule-based approach.
Its performance is comparable to the LLaMA-based RST parser, but it has a smaller
parameter size and incurs lower computational costs in parsing. We also find that RST-
based models (irrespectively of the parser at hand) outperform the baseline fine-tuned
(Mistralgr) and SOTA models (the performance of the previous best-published model
on RLSum for each dataset in Table 6.2), and frequently surpass the Blueprint ;- model,

as illustrated by the red, green, and blue dashed lines, respectively.

Impact of Plan Quality. To evaluate how the quality of plan questions affects model
performance, we employ GPT-4o in a zero-shot setting as a question generator. In ad-
dition, we apply the Mistral model and the recent question generation model (RAST),
developed by Gou et al. (2023). Moreover, we implement another random replacement
(RR) method, where questions generated by GPT-40 are randomly substituted with ir-
relevant ones.> The number of questions replaced varies from one to all for each article.
Finally, we introduce another full random replacement (FRR), where questions gener-
ated by GPT-4o are all replaced with random irrelevant questions. Throughout these

experiments, Plan-Input remains the default model.
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Figure 6.4: Summary quality as a function of different question generation methods.

> The prompt can be found in Appendix Figure D.7.



126 6. Discourse-Aware Planning for Explanatory Summarization

Figure 6.4 reveals that plan questions have a direct impact on summary quality (com-
pare GPT-40 vs. RR/FRR). Our method exhibits a certain degree of robustness, as it per-
forms reasonably well even when the questions contain some degree of noise (RR vs.
FRR). In the FRR condition, model performance degrades substantially, which suggests
that relevant plan questions are instrumental in improving summary quality. Although
questions generated by Mistral and RAST lead to lower performance gains compared to
GPT-4o0, these open-source models offer a cost-effective alternative. Despite not reach-

ing the highest performance, they still surpass the previous state-of-the-art results.

Impact of Plan Composition. An advantage of plan-based models is their capacity to
directly control the content of the output summary by simply altering the plan that gives
rise to it. In this section, we investigate the extent to which changes in the formation of
the plan questions can be observed in the generated summaries.® To this end, we conduct
a controlled generation experiment. We investigate whether our models can be guided
to avoid generating these particular types of explanations by eliminating questions from
the plan that correspond to specific types of explanatory EDUs.

Specifically, we remove from the plan questions corresponding to Background, Com-
parison, Elaboration, and Explanation (EDUs are identified by the DMRST parser). Ta-
ble 6.4 reports the proportion of explanatory EDUs in the output summaries for our two
models when no manipulation takes place. These results are compared with summaries
generated from plans in which specific types of explanations have been deliberately re-
moved. By deleting plan questions related to certain types of explanations, we evaluate
the models’ capacity to refrain from generating particular types of EDUs. Results pre-
sented in Table 6.4 confirm that our discourse-driven planning approach is sufficiently
expressive to control the explanations and their discourse function in the summary. For
both Plan-Input and Plan-Output, we observe a close alignment between the ques-

tions in the plan and the types of explanations produced in the summary.

® We modify the plan generated by the model and evaluate whether our modifications have any bearing
on the output.
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Data Relation Plan-Output Plan-Input
NoDel Del ARLSum NoDel Del ARLSum
Background 4.04 0.98 0.45 4.18 1.07 0.42
% Comparison 2.21 0.21 0.38 2.60 0.33 0.39
'E Elaboration 6.47 1.25 1.56 6.39 1.20 1.50
Explanation 7.09 1.69 1.62 7.88 2.11 1.56
Background 438 1.04 0.27 4.24 1.02 0.24
e Comparison 2.40 0.17 0.13 2.59 0.19 0.15
e Elaboration 5.46 1.16 0.46 5.42 1.15 0.40
Explanation 6.07 1.72 0.58 6.11 1.81 0.52
Background 433 0.97 0.20 4.09 0.92 0.22
8 Comparison 2.02 0.09 0.11 2.12 0.13 0.13
= Elaboration 5.25 1.13 0.26 5.32 1.15 0.25
Explanation 6.42 1.52 0.48 6.72 1.49 0.42

Table 6.4: Proportion of explanatory EDUs in predicted summaries for models with (Del) and
without (NoDel) deletions in the plan. In the NoDel setting, the model regulates the proportion
of explanatory content in the plan and summary. In the Del setting, the plan is manipulated
by removing specific explanations. ARLsum = RLsum before plan deletion — RLsum after plan
deletion.

Amongst explanatory relations, Elaboration and Explanation emerge as the most sig-
nificant contributors to overall summary quality. In the P1lan-Input model, the deletion
of Elaboration explanations consistently results in lower RLsum across datasets (e.g., a
drop from 46.41 to 44.91 in SciNews and from 48.64 to 48.24 in eLife). In contrast,
removing Comparison explanations has a minor effect on summary quality, as reflected
in the relatively stable RLsum scores across datasets (e.g., 41.64 vs. 41.51 in PLOS and
48.64 vs. 48.49 in eLife). In the NoDel condition, we observe that Elaboration and
Explanation relations are more prominent in the summary texts, which suggests that re-

moving them will be more detrimental (e.g., compared to Background or Comparison).

Human Evaluation. To alleviate the limitations of automated metrics and more pro-
foundly analyze the quality of model-generated summaries, we randomly select 5 in-
stances from each of the SciNews, eLife, and PLOS datasets (a total of 15) for human
evaluation. The evaluators are postgraduate or doctoral students specializing in Com-
puter Science or Computational Linguistics with advanced proficiency in English. They
are compensated at our university’s standard hourly rate and remain blind to the origin

of each summary during the evaluation process. In this study, we compare Mistral pr,
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Blueprint,r, Plan-Input (our best performing model), GPT-40 g, and human-authored
reference summaries. Each summary is independently rated by three different evalua-
tors, resulting in a total of 225 (15 x 5 x 3) evaluation samples.

Our judges rate each summary on a 1 to 5 Likert scale across the dimensions of Faith-
fulness, Relevance, Informativeness, Accessibility, Explanation Accuracy, and Expla-
nation Usefulness, with higher scores indicating better quality. They are also tasked
with ranking the summaries from highest to lowest based on their relative quality within
the set of candidates. Raters highlight explanations while reading the summary and
the source document. To assess the explanations’ accuracy and usefulness, judges are
allowed to consult external knowledge sources, such as books, academic papers, and
Wikipedia, but not any Al tools. When they are not able to judge the accuracy or use-
fulness of explanations, raters are asked to skip them and flag them for expert review.
We provide detailed evaluation guidelines in Appendix Section D.4 and discuss cases
flagged for expert review in Appendix Section D.2.

Figure 6.5a reports the performance of each model across all summary samples, as
well as the proportion of times a model is rated best (or worst). Fleiss’ Kappa scores
for Faithfulness (k= 0.712), Relevance (x = 0.835), Informativeness (x =0.673), Ac-
cessibility (x = 0.707), Explanation Accuracy (x = 0.604), and Explanation Usefulness
(k =0.633) indicate substantial inter-rater agreement, with an average of x = 0.694.
Overall, we observe that human-written summaries outperform all neural summarization
models in terms of quality, with particularly pronounced differences in the usefulness
and accuracy of explanations. Notably, human-written summaries also perform best in
terms of faithfulness.

Among the four neural models under consideration, GPT-40 ;g performs worst, while
Mistralpr also obtains low results, with a 22.2% likelihood of being rated as worst.
Models based on planning (Blueprint,;r and Plan-Input) outperform Mistral pr,
with Plan-Input being superior across all metrics. On certain criteria, such as ac-
cessibility, Plan-Input is on par with human summaries. Compared to other neural

summarization systems, it is also more likely to generate high-quality summaries.

LLM-as-a-Judge Evaluation. Due to the considerable length of the source docu-
ments and their summaries, it is not feasible to conduct extensive manual evaluations.
Therefore, we also use an LLM-based evaluator (Liusie et al. 2024; Zheng et al. 2023;

Liu et al. 2025a) to perform large-scale comparisons of system outputs. We use the
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prompt targeting the same dimensions of summary quality adopted in our human evalua-
tion and use GPT-40 as our evaluator. To avoid potential bias from previous interactions,
we reset the conversation history before each query, making no further adjustments.
Firstly, we validate the agreement between GPT-40 and human ratings using the
same set of 15 samples originally employed for human evaluation. We obtain a single
rating per sample by averaging the scores of individual participants. We compute Fleiss’
Kappa to measure the agreement between GPT-4o0 scores and the aggregated human rat-
ings across evaluation dimensions. The resulting agreement scores are as follows: Faith-
fulness (k = 0.582), Relevance (x = 0.643), Informativeness (x = 0.633), Accessibility
(k=0.624), Explanation Usefulness (x = 0.615), and Explanation Accuracy (x =0.597).
We find that human raters and GPT-4o0 are in substantial agreement. Following this, we
expand the evaluation to include all samples in the test sets across our three datasets.
We present results on SciNews in Figure 6.5b and in Figure 6.5¢ and Figure 6.5d for
the other two datasets. GPT-40 assigns the lowest scores to its own answers compared
to fine-tuned models. Human-written summaries consistently receive the highest rating
and are generally regarded as of the highest quality. In line with our human evaluation,

GPT-4o0 also recognizes that Plan-Input is better than Blueprint ;- and Mistralpy.
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(a) Human evaluation results along different
dimensions of summary quality.
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(c) Evaluation on eLife using GPT-40 as a
judge.
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(b) Evaluation with GPT-40 on SciNews.
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Figure 6.5: Human and GPT-40-based evaluation results across datasets and evaluation dimen-

sions.
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Significance Testing. We use paired t-tests to analyze the results of our human evalua-
tion and automatic evaluation (LLM-as-a-Judge with GPT-40). In the human evaluation,
we find that human responses are perceived as significantly better against all baseline
models across metrics; with regard to Faithfulness and Accessibility, differences against
Plan-Input and Blueprint,,; are not statistically significant. Plan-Input is signifi-
cantly better in Explanation Usefulness and Accessibility compared to all neural network
models (but not human answers).

In the LLM-as-a-Judge evaluation, human summaries outperform all neural models
across all datasets and metrics with statistical significance. Plan-Input is significantly
better over other neural network models on the SciNews dataset across all metrics except
Relevance and Informativeness. On the eLife dataset, Plan-Input outperforms other
neural network models on all metrics except Faithfulness, Explanation Usefulness, and
Relevance. On the PLOS dataset, Plan-Input significantly outperforms competitor
models in all metrics except Informativeness, Faithfulness, and Relevance. These results

are derived with a significance level of p < 0.05.

Qualitative Analysis. We conduct a qualitative analysis by examining two case stud-
ies (see Table 6.5 and Table 6.6), with a particular focus on comparing outputs generated
by humans and machines. Through this analysis, we observe differences in hallucination
patterns across different models, and our findings suggest that incorporating structured
planning into the generation process can effectively reduce certain types of errors.
Specifically, plan-based models demonstrate improved factual consistency compared
to GPT-40 and Mistral gy by better organizing information before generation. For in-
stance, when describing how the cerebellum adjusts movements based on feedback (see
Table 6.5), GPT-4o states, “The cerebellum acts as the brain’s command center for mo-
tor control.” At first glance, this phrasing may seem reasonable, but it inaccurately
represents the cerebellum’s role and could lead to misconceptions. Instead of command-
ing movements, the cerebellum fine-tunes them using feedback from previous actions,
adjusting their timing and coordination. When summarizing a document focusing on
Musashi-1, a protein that binds to molecules of RNA and helps to promote cell growth
during development (see Table 6.6), Mistral g incorrectly attributes certain properties
to Musashi-1, such as it being “permanently destroyed Musashi-1” by oleic acid. In re-
ality, Musashi-1 is not permanently destroyed but rather inhibited or down-regulated by

compounds like oleic acid. These mistakes suggest a tendency to overgeneralize pat-
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terns or infer causal relations that are not supported by evidence. In contrast, plan-based
models (P1lan-Output and Plan-Input) avoid these types of errors.

Unlike GPT-40 and Mistralzy, which often produce fragmented or overly general
statements, our models demonstrate a better grasp of causal and logical connections
within the scientific narrative. For example, in the cerebellum case (see Table 6.5), our
models successfully preserve the logical flow between experimental observations and
their implications, while GPT-40 distorts causal relations by overgeneralizing. This is
because structured planning forces the model to first outline key arguments and causal
relations before generating text. This process reduces the risk of introducing spuri-
ous causal or conceptual connections, which are particularly important for explanation-
oriented text.

Plan-based models are not without limitations; for instance, we occasionally observe
misattributions, such as linking Musashi-1 to kidney cancer (see Table 6.5). However,
they offer an improvement over models like GPT-40 in both factual accuracy and over-
all reliability. In sum, the qualitative analysis underscores the potential of plan-based
models to enhance lay summarization quality while also highlighting areas for further

refinement.
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Model Output

Human Reference The cerebellum utilizes proprioceptive feedback to fine-tune the timing of movements in a sequence based
on previous actions. Imagine the cerebellum as a coach who watches how you perform a move, then gives
tips to improve the next one based on what was seen. But how exactly does it achieve this? To investigate,
we trained rabbits to blink in response to an external cue and explored whether the cerebellum could use
feedback from one blink to trigger the next. As expected, after learning the initial blink, the rabbits blinked
again in response to their own first blink, creating a chain of movements. Control experiments confirmed
that each blink was initiated by the previous one rather than the original cue. Consistent patterns of brain
activity during this process indicate that the cerebellum adjusts movement based on feedback from previous
actions. Building on this, we trained rabbits to blink on cue, and they learned to initiate additional blinks in
response to earlier blinks in the sequence. We further found that the rabbits could use a blink from one eye
as a cue to trigger a blink in the other eye, suggesting that the same mechanism governs these movements.
This raises the possibility that the cerebellum might also guide sequences of cortical activity during cognitive
tasks, given its extensive connections to the cortex, a question future experiments should explore.

GPT-40 The cerebellum acts as the brain’s command center for motor control, directly issuing movement instructions
and ensuring precise timing. To test this, scientists trained rabbits to blink in response to a vibration signal.
Once trained, the rabbits began blinking in a continuous rhythm, even without an external cue, indicating
that the cerebellum could independently generate movement sequences. Interestingly, when the researchers
covered one of the rabbit’s eyes, the uncovered eye still continued blinking, suggesting that the cerebellum
maintains a direct, hardwired link between the two eyes. These findings demonstrate that the cerebellum is
not only responsible for movement execution but may also function as a memory hub for motor programs,
completely independent of the cerebral cortex.

Mistralpr The cerebellum helps coordinate movements by adjusting actions based on prior attempts. To study this,
scientists trained rabbits to blink in response to a sound. Over time, the rabbits developed a habit of blinking
twice in succession, suggesting that the cerebellum is responsible for generating repetitive movements.
Further experiments showed that rabbits could use one blink as a cue for another, even switching between
eyes. This suggests that the cerebellum not only controls basic motor sequences but also plays a role in
synchronizing different body movements. It is even possible that the cerebellum helps regulate general
cognitive functions, though more research is needed.

Plan-Output ql: What can the role of the cerebellum in motor control be compared to?
q2: How do rabbits form a sequence of consecutive blinks after training?
q3: What does it suggest that rabbits can use a blink from one eye to trigger a blink in the other eye?

The cerebellum acts like a coach, refining movements based on past experiences. To explore this, scientists
trained rabbits to blink when they heard a tone. Over time, the rabbits learned to initiate a second blink in
response to their own first blink, forming a sequence of movements. This suggests that the cerebellum uses
sensory feedback to fine-tune motor control. Furthermore, the rabbits could blink one eye and then trigger
a blink in the other eye, indicating that the cerebellum directly controls bilateral facial coordination. These
findings highlight the cerebellum’s essential role in sequencing motor actions and suggest that it may also
contribute to higher-level cognitive processes.

Plan-Input ql: What kind of role does the cerebellum play in motor control?
q2: How do rabbits trigger a sequence of blinks from an initial blink after training?
q3: What does it reveal about motor control mechanisms that rabbits can use a blink from one eye to trigger
a blink in the other eye?

The cerebellum functions as a predictive system that learns movement patterns and automatically sequences
them. Researchers trained rabbits to blink when given an air puff. After sufficient training, the rabbits began
to produce consecutive blinks, with each blink triggering the next. This suggests that the cerebellum can
store movement chains and replay them when needed. Additionally, the researchers found that a blink in one
eye could lead to a blink in the opposite eye, implying that the cerebellum might have specialized circuits
dedicated to synchronizing both sides of the body. These insights open the possibility that the cerebellum
also orchestrates sequences of thoughts and decisions, a topic for future research.

Table 6.5: Case study 1: we use red font to mark hallucinated information. This sample comes
from the test split of the eLife dataset (Goldsack et al. 2022).
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Model

Output

Human Reference

Mistralpp

Plan-Output

Plan-Input

When an embryo is developing, stem cells must divide and develop into many specialized types of cells.
However, if cell division doesn’t stop, or if it restarts later in life, it can cause tumors to form. Musashi-1
is a protein that binds to molecules of RNA and helps to promote cell growth during development: mice
that lack this protein have serious brain defects and die shortly after birth. Musashi-1 is usually turned off
in adult cells that are not dividing. Sometimes, however, it remains active and contributes to the growth of
cancers in the brain and the gut. Reducing Musashi-1 levels in colon tumors slows their growth and causes
the cancer cells to die. To find a compound that would switch off Musashi-1, Clingman et al. screened more
than 30,000 compounds and identified four inhibitors. One of these was oleic acid, a fatty acid that is found
in olive oil and other animal and plant oils. Oleic acid interacts with Musashi-1 in a way that changes the
shape of the protein. These changes mean that Musashi-1 is no longer able to regulate the genes that control
cell proliferation. Clingman et al. also found that Musashi-1 promotes the activity of a particular enzyme
that makes fatty acids; molecules that are needed in large quantities when cells are dividing. Musashi-1
appears to act as a nutrient sensor, turning down the activity of this enzyme in cells when levels of oleic
acid are high, and turning up enzyme activity when oleic acid levels are low. The findings of Clingman et
al. further reveal how our diets can affect gene expression, and may aid the development of new treatments
against cancer.

Musashi-1 is a protein that plays a crucial role in early development by directly binding to DNA and ac-
tivating genes responsible for cell proliferation. In mice that lack Musashi-1, the protein is compensated
by other molecular pathways, allowing them to develop normally with only minor cognitive impairments.
To explore ways to inhibit Musashi-1, Clingman et al. analyzed a vast library of nearly 135,000 chemical
compounds. They identified four potential inhibitors, including oleic acid, a fatty acid mainly found in red
meat and dairy products. This compound works by permanently destroying Musashi-1, preventing it from
affecting cell division. In cancer studies, researchers found that reducing Musashi-1 levels in colon tumors
leads to uncontrolled tumor growth and increased metastasis. These findings suggest that Musashi-1 may
function as a critical tumor suppressor, and future therapies should aim to enhance its activity in cancer
patients rather than inhibit it.

Musashi-1 is a protein that regulates cell division by binding to RNA. It is active during embryonic develop-
ment but usually turns off in adults. However, it can remain active and contribute to tumors in the brain and
lungs. To inhibit Musashi-1, researchers screened over 30,000 compounds and found oleic acid, a substance
present in coconut oil and dairy products. Oleic acid interacts with Musashi-1 and permanently destroys it,
stopping it from regulating genes linked to cell growth. Additionally, high oleic acid levels completely shut
down metabolism in cells, showing how diet influences gene regulation and cancer treatment.

ql: What is the role of Musashi-1 in cell development and cancer growth?
q2: How does oleic acid affect Musashi-1 and its function in cell proliferation?
q3: How does Musashi-1 function as a nutrient sensor in relation to fatty acid synthesis?

Musashi-1 is a protein that binds to RNA molecules and plays a crucial role in cell division and tissue de-
velopment. During early embryonic growth, it ensures proper differentiation of stem cells. Mice lacking
Musashi-1 experience severe neurological defects and typically survive for several months before succumb-
ing to developmental issues. Normally, Musashi-1 is turned off in mature cells, but in some cases, it remains
active and has been linked to tumor formation in the brain and kidneys. To counteract Musashi-1 activity,
Clingman et al. screened over 30,000 potential inhibitors and identified four promising compounds. One of
them, oleic acid—found in olive oil and fish oil—was particularly effective. It interacts with Musashi-1 in a
way that causes the protein to break down, thereby preventing it from controlling genes involved in cell pro-
liferation. Additionally, Musashi-1 functions as a metabolic sensor by regulating fatty acid synthesis. When
oleic acid levels are low, Musashi-1 suppresses enzyme activity, reducing fatty acid production. However,
when oleic acid concentrations rise, the enzyme becomes highly active, increasing fatty acid availability
to support rapid cell growth. These findings illustrate the link between diet and gene regulation and could
inform new therapeutic strategies for cancer treatment.

ql: What happens to mice that do not have Musashi-1, and what does this indicate about its function?

q2: How did researchers identify inhibitors of Musashi-1, and what is one of the inhibitors they found?
q3: What effect does reducing Musashi-1 levels have on colon tumors, and what does this suggest for cancer
treatment?

Musashi-1 is a crucial protein that binds to RNA and plays a key role in cell division and development. When
mice lack Musashi-1, they develop mild brain defects but survive into adulthood, though with noticeable
neurological impairments. This suggests that Musashi-1 is essential for normal brain development and
proper neural function. To identify potential inhibitors of Musashi-1, Clingman et al. conducted a large-
scale screening of nearly 52,000 chemical compounds. Among the four inhibitors they discovered, one was
oleic acid, a fatty acid commonly found in olive oil and coconut oil. Oleic acid interacts with Musashi-1 by
binding to it directly, leading to its complete deactivation. Reducing Musashi-1 levels in colon tumors has
been shown to accelerate their growth, making the tumors more aggressive. This suggests that Musashi-
1 may have a dual role in cell regulation, potentially acting as both a tumor promoter and suppressor in
different contexts. These findings provide new insights into the complex role of Musashi-1 in cancer and
could inform the development of novel therapeutic strategies.

Table 6.6: Case study 2: we use red font to mark hallucinated information. This sample comes
from the test split of the eLife dataset (Goldsack et al. 2022).
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6.5 Related Work

Lay Summarization. Lay Summarization involves transforming complicated scien-
tific texts into accessible summaries for non-experts, thereby enhancing public under-
standing of scientific research. Existing investigations have tackled several challenges,
such as creating datasets and developing task-specific models. Chandrasekaran et al.
(2020) pioneered the task of scientific lay summarization, while follow-up work focused
on the development of larger datasets, including CDSR (Guo et al. 2021b), eLife, PLOS
(Goldsack et al. 2022), and SciNews (Liu et al. 2024b). Methodological advancements
include integrating domain-specific knowledge graphs with encoder-decoder models
(Goldsack et al. 2023) and developing methods like ATLAS (Zhang et al. 2024c¢), which
facilitate the generation of summaries with varying degrees of accessibility for lay au-
diences. However, none of the existing approaches emphasize discourse-driven mech-
anisms for modulating summary content, nor do they focus on evaluating the quality or

proportion of explanatory content.

Interactive Summarization. Interactive Summarization refers to the process of en-
abling users to engage with and influence the summarization process through interactive
interfaces (Costa et al. 2018; Guo et al. 2021a; August et al. 2023; Kim et al. 2019; Fok
et al. 2024). For example, August et al. (2023) introduced an interface that provides lo-
calized plain-language key points, definitions, and question-based navigation, allowing
users to explore medical research more effectively. Similarly, Fok et al. (2024) pro-
posed a design for recursively expandable abstracts, where users can click on keywords
or phrases to access system-generated text and citation links. While interactive summa-
rization is not the focus of our work, it is worth pointing out that users could choose to

modify the plan and influence the generation process.

RST in Summarization. Rhetorical Structure Theory (RST) is a discourse frame-
work that analyzes the relations between text units, termed Elementary Discourse Units
(EDUs), and their roles within the document (Marcu. 1997; Marcu. 1999b; Marcu.
2000). RST categorizes connections among EDUs into different rhetorical or coher-
ence relations, such as Elaboration, Contrast, and Causality. Within this framework,
EDUs are arranged into a hierarchical tree structure, where nucleus EDUs are supported
or elaborated by satellite EDUs. Early research (Marcu. 1997; Marcu. 1999b; Louis
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et al. 2010) has found that human-written summaries are often derived from nucleus
EDUs, affirming RST’s usefulness for summarization tasks. Several studies have ex-
plored ways to inject discourse structure into summarization models and demonstrated
improved performance compared to models without such discourse injection (Xu et al.
2020; Dong et al. 2021; Chen et al. 2021; Liu et al. 2023c; Liu et al. 2024a). Our work
applies RST to discern explanatory EDUs, which elucidate or support propositions, and

their related target (explained) EDUs within reference summaries.

Planning in Summarization. Text summarization with planning involves organizing
content through structured representations prior to generating summaries. Existing work
has primarily focused on phrase-level planning, which has been shown to improve sum-
mary quality and reduce hallucination (Narayan et al. 2021; Narayan et al. 2023). Plans
have previously taken the form of named entities (Narayan et al. 2021; Liu et al. 2021d;
Huot et al. 2024), keyword prompts (Creo et al. 2023), and question-answer pairs, re-
ferred to as blueprint (Narayan et al. 2023). Our work introduces EDU-level planning,
placing emphasis on larger semantic units. Our plans take the form of questions (with-
out answers), triggered by explanations identified through RST. This definition is more
flexible (compared to question-answer pairs), as we do not require answers to be incor-

porated and are not limited to a specific style of answers or questions.

Question Under Discussion. Question Under Discussion (QUD) conceptualizes dis-
course as a dynamic interaction of continuously posed and answered questions (Roberts.
2012; Benz et al. 2017; De Kuthy et al. 2020; Ko et al. 2023). It can be seen as a question
generation strategy, where each sentence serves as a response to an implicit question aris-
ing from its preceding context, thereby delineating the text’s intent and structure (Beaver
etal. 2017; Wu et al. 2023a; Wu et al. 2023b). Although QUD has been explored in dis-
course analysis (Ko et al. 2023; Wu et al. 2023a) and to interpret complex linguistic
phenomena like presupposition and information structure (Beaver et al. 2017), its ap-
plication in text generation and summarization has received limited attention. Wu et al.
(2023b) leveraged manual annotation to recover implicit questions to guide sentence-
level simplification. Our work draws inspiration from QUD in formulating plans as a
series of questions. We work with more complex documents and rely on large language

models, bypassing issues of scalability arising from manual annotations.
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6.6 Chapter Summary

This chapter addressed Research Question 4 by investigating whether explanatory con-
tent in lay summarization can be treated as a controllable discourse element whose place-
ment, scope, and function are explicitly managed through planning. Building on the
QUD-based planning framework introduced in the preceding chapter, this chapter com-
bined RST-based identification of explanatory EDUs with question-driven plans that
target specifically the explanatory portions of lay summaries. Two model variants were
developed to test different integration strategies, with the plan serving either as an input
condition or as a generation prefix. Experiments on SciNews, eLife, and PLOS showed
that EDU-level discourse planning tends to produce summaries with a higher proportion
of explanatory content, improved readability, and stronger factual consistency compared
to both vanilla fine-tuning and phrase-level planning baselines, providing empirical sup-
port for Hypothesis IV. Controlled generation experiments further demonstrated that
modifying the plan, for instance by removing questions corresponding to specific re-
lation types, leads to predictable changes in the generated explanations, confirming a
degree of controllability that is difficult to achieve with end-to-end approaches.

With this chapter, the preceding four technical studies trace a trajectory from distri-
butional discourse representations for attention modulation in long-document encoding,
through parameter-efficient adaptation under constrained update budgets, to macro-level
planning for multimodal summarization, and to fine-grained control over explanatory
content in public-facing summaries. The methods explored so far, however, all oper-
ate under the assumption that the relevant evidence is already contained within a given
source input, whether a long document, a video recording, or a scientific article to be
summarized. In many knowledge-intensive scenarios, the evidence needed to produce a
faithful response should first be retrieved from an external corpus, and the retrieved pas-
sages typically arrive as structurally disconnected chunks without explicit rhetorical re-
lations among them. The following chapter investigates whether the discourse modeling
principles developed throughout this dissertation can extend to the retrieval-augmented

generation setting to improve factual coherence and answer quality.






Discourse-Aware
Retrieval-Augmented Generation

Chapter 3 through Chapter 6 progressively develop a discourse-guided framework for
text generation under increasingly complex conditions. Chapter 3 and Chapter 4 inte-
grate uncertainty-aware RST distributions into the encoding process, demonstrating that
distributional discourse signals can improve content selection and organization in long-
document summarization under both full fine-tuning and parameter-efticient adaptation
settings, which supports Research Question 1 (RQ1), Hypothesis I, Research Question 2
(RQ?2), and Hypothesis II. Chapter 5 and Chapter 6 shift discourse modeling from the en-
coding stage to the generation stage by introducing QUD-based planning as an explicit
intermediate variable, showing that structured plans can guide macro-level organiza-
tion in multimodal and explanatory summarization, consistent with Research Question
3 (RQ3), Hypothesis III, Research Question 4 (RQ4), and Hypothesis I'V. A shared as-
sumption across these chapters is that all relevant evidence is already contained within
a given source input, whether a long document, a video recording, or a scientific article.
In many knowledge-intensive scenarios, however, this assumption does not hold. The
evidence needed to produce a faithful response is typically first retrieved from an exter-
nal corpus, and the retrieved passages arrive as structurally disconnected chunks with-
out the discourse continuity that characterizes coherent documents. Standard retrieval-
augmented generation (RAG) pipelines concatenate these chunks as flat context, offer-
ing no mechanism for the generator to reason about the rhetorical relations within or

across them. Against this backdrop, Research Question 5 (RQ5) asks how discourse
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structure can be leveraged to organize such disconnected retrieved evidence, so that
retrieval-augmented generation produces more coherent and factually consistent out-
puts.

To this end, Chapter 7 tests Hypothesis V that explicitly constructing intra-chunk dis-
course trees and inter-chunk rhetorical graphs over retrieved evidence, combined with
discourse-driven planning, can improve the factual consistency, coherence, and answer
quality of retrieval-augmented generation compared to standard flat-context approaches.
Concretely, Chapter 7 adapts the two discourse modeling paradigms developed in the
preceding chapters, namely RST-based structural analysis for capturing local and global
rhetorical relations and QUD-inspired planning for organizing the generation process, to
the retrieval-augmented setting. The proposed framework, Disco-RAG, constructs local
RST trees within each retrieved chunk, infers a directed rhetorical graph across chunks
to model inter-chunk relations such as support, contrast, and elaboration, and synthesizes
these structural signals through a planning module into an ordered blueprint that guides
the final answer generation. Subsequent experiments on Loong (knowledge-intensive
long-context QA), ASQA (ambiguous question answering), and SciNews (lay summa-
rization) evaluate whether this discourse-aware evidence organization yields measurable
improvements over standard RAG pipelines and prior state-of-the-art methods. Chap-
ter 7 also examines the individual contributions of each structural component through
ablation studies and assesses the framework’s sensitivity to structural noise through con-

trolled perturbation experiments.

7.1 Problem Formulation

The advent of large language models (LLMs; Touvron et al. 2023; Team 2025; OpenAl
2023) has advanced research progress in natural language processing (NLP), achieving
competitive performance across a wide range of tasks, including question answering (Wu
etal. 2025a; Lee et al. 2025a; Zhang et al. 2025b), document summarization (Mondshine
et al. 2025; Liu et al. 2025a; Wang et al. 2025b; Luo et al. 2025), and text generation
(Duong et al. 2025; Bigelow et al. 2025; Que et al. 2025; Zhang et al. 2025a). However,
due to the reliance on static training corpora, LLMs can be inadequate for knowledge-
intensive scenarios, such as handling domain-specific knowledge, proprietary data, or
information requiring real-time updates (Chang et al. 2025; Lee et al. 2025b; Yue et al.
2025; Wang et al. 2024b; Xia et al. 2025; Ding et al. 2026; Chen et al. 2026). Retrieval-
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Figure 7.1: Comparison between standard RAG and Disco-RAG. While standard RAG retrieves
isolated chunks without structural links, Disco-RAG organizes evidence into discourse structures
(trees & graphs). Here, S denotes Satellite (the supplementary part), and N denotes Nucleus (the
core part).

Augmented Generation (RAG) has been proposed as a suitable strategy by integrating an
external knowledge component through retrieval-based mechanisms (Lewis et al. 2020b;
Asai et al. 2024; Chan et al. 2024).

In standard RAG pipelines, external documents are segmented into chunks, which
are then encoded into vectors and stored in a database. At query time, relevant chunks
are retrieved to provide contextual grounding for the LLM (Lewis et al. 2020b). One
important but insufficiently addressed limitation of existing RAG systems concerns the
mismatch between retrieval granularity and generative understanding. While re-
trieval modules return relevant chunks, these chunks are often fragmented in discourse,
resembling scattered pieces of evidence without clear logical connections (Edge et al.
2024; Su et al. 2025). This manifests at two levels. First, intra-chunk structural blind-
ness: within each chunk, RAG systems may fail to capture internal discourse. Second,

inter-chunk coherence gaps: across multiple chunks, RAG systems may struggle to iden-
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tify rhetorical connections. As depicted in Figure 7.1 (left), Chunk A mentions a 12%
lower incidence, while Chunk B notes no significant overall effect. Without recognizing
that the former is a conditional finding (e.g., among deficient adults in winter), stan-
dard RAG tends to overgeneralize and incorrectly conclude that vitamin D reduces flu
risk. These deficiencies prevent effective resolution of conflicting claims, as standard
RAG approaches lack the capacity to organize retrieved evidence through a higher-level
causal flow. This leaves the final LLM generator to grapple with a bag of facts rather

than a coherent /ine of reasoning.

Recent investigations have revealed that integrating discourse knowledge into LLMs
can improve downstream performance (Gautam et al. 2024; Liu et al. 2024a) and alle-
viate hallucinations (Liu et al. 2025b). These findings highlight the drawback of rely-
ing solely on flat sequential representations and underline the benefits of discourse for
context engineering (Ma et al. 2025; Mei et al. 2025). Building on these insights, the
present work aims to investigate whether explicitly modeling and providing discourse
information to the LLM can improve generation quality in the context of RAG. To an-
swer this, we propose Disco-RAG, a framework that constructs local discourse trees for
each retrieved chunk and infers inter-chunk coherence relations across chunks to form a
rhetorical graph. To synthesize information, rather than merely concatenating it, the text
generator needs not only to understand the relations between evidence but also to strate-
gize how to present them. This requires a high-level plan to orchestrate the narrative
flow. We thus introduce a discourse-aware planning module that enables the model to
dynamically generate a plan to guide the generation. As shown in Figure 7.1 (right), the
discourse-aware process enables the model to infer that vitamin D is not broadly effec-
tive but may benefit deficient adults under specific conditions, producing more faithful

answers and aligning with the underlying evidence.

In our experiments, we evaluate Disco-RAG on three benchmarks, Loong (Wang et
al. 2024a), ASQA (Stelmakh et al. 2022), and SciNews (Liu et al. 2024b). Consistent
improvements are observed compared with standard RAG systems and state-of-the-art
(SOTA) methods. On the Loong benchmark, our approach delivers an overall gain of
12.74 points in LLM Score. On the ASQA dataset, our method exceeds the best existing
systems on Exact Match and ROUGE-L Score by clear margins. On the SciNews bench-

mark, Disco-RAG establishes new SOTA performance across most evaluation metrics.
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Figure 7.2: The Disco-RAG pipeline: Starting from passage retrieval (providing context), then
intra-chunk RST tree parsing (capturing local discourse), inter-chunk rhetorical graph construc-
tion (modeling global discourse), rhetorical planning (blueprint generation), and answer genera-
tion (producing the final output).

Method Overview. We formalize the standard RAG as a conditional generation prob-
lem. Given a query ¢ and a set of Top-k retrieved chunks C(¢; D) = {c1,¢2, ..., ¢k}
from a corpus D, the output is y = argmax, P(y' | ¢,C(¢; D)), where P(-) denotes
the conditional distribution of the answer generator. To overcome the limitations of
the retrieval-and-concatenation paradigm, we propose Disco-RAG to augment standard
RAG with rhetorical parsing and discourse-aware planning.

As illustrated in Figure 7.2, our pipeline consists of three main stages. (1) we delve
into each chunk c¢; to uncover its internal logical hierarchy by constructing an intra-chunk
RST tree ¢;, (2) we zoom out to map the relational landscape across all chunks C via an
inter-chunk rhetorical graph G, and (3) we apply a discourse-driven planning module that
devises a blueprint B based on 7 = t¥_, and G to guide the final generation process.

We hypothesize that under identical retriever and decoding conditions, explicitly
injecting discourse knowledge improves the correctness, coherence, and factual consis-
tency of generated text. Here, rhetorical modeling serves as a knowledge-level prior,
while planning offers reasoning-level guidance, jointly inducing stronger structural bi-
ases than standard RAG. The following paragraphs provide a detailed account of each

component.
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Intra-Chunk RST Tree. For each retrieved chunk ¢;, we construct an RST tree ¢;
using an LLM-based RST parser A to model local coherence.! Given c;, parser A jointly
performs elementary discourse unit (EDU) segmentation and RST parsing, producing a
sequence of EDUs {e;,, ..., ¢;  }, nucleus and satellite role assignments, and rhetorical
relations among EDUs. Formally, ¢; A, ti = (Vi, E;), where V; = {e;,,...,e;, } is the
set of EDU nodes, R is the set of rhetorical relations (e.g., Elaboration, Contrast, and
Cause), and E; C V; x V; x R is the set of directed connections labeled with relation
types. The symbol x denotes the cartesian product. The top-middle panel of Figure 7.2
shows how EDUs are organized into hierarchical trees.”

The RST tree parsing is formalized as P(t; | ci;04) = [[;2, Plei; | ci;04) -
[Tiww) P(ruw | €, €5,;0.4), where P(e;; | ¢;) signifies the probability of EDU boundary
prediction and u, v € V; are discourse units, P(r,, | e;,,e;,) corresponds to the prob-
ability of the rhetorical relation between two EDUs, and 6 4 indicates the parameters of

the parser.

Inter-Chunk Rhetorical Graph. For all retrieved chunks C, we construct a directed
graph G = (C, F). The edge set F C C x C x (R U UNRELATED) encodes rhetorical
relations or lack thereof. We adopt a listwise inference strategy, where all retrieved
chunks C are provided to parser A in a single pass, and .4 jointly predicts a set of directed
rhetorical relations {r; ;} or an UNRELATED label for all chunk pairs.?

The rhetorical graph construction is modeled as P(G | C; 8 4). This joint distribution
can be factorized over ordered chunk pairs as P(G | C;0.4) = []I, Hle’ iz P(rig |
C;04). As shown in the top-right panel of Figure 7.2, the resulting graph G serves as
a global discourse scaffold, allowing the generator to reason over cross-chunk connec-

tions.

Discourse-Driven Planning. To move beyond the flat concatenation of retrieved ev-
idence, we introduce a planning module that produces a rhetorically informed blueprint
to guide the text generation. This is modeled through a mapping from the input query g,
retrieved chunks C together with their RST trees 7, and the inter-chunk rhetorical graph
G into a discourse-aware plan (¢,C, T, Q) 4 B.

! Prompt is detailed in Appendix Figure E.3.
2 Intra-chunk RST trees are constructed offline.
3 Appendix Figure E.4 provides prompt and format details used in inter-chunk relation prediction.
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As depicted in the center-bottom panel of Figure 7.2, the plan 5 is dynamically con-
ditioned on the discourse structures and the query.* The plan outlines reasoning steps
that involve selecting salient content, organizing argumentative flow, and prioritizing

supporting evidence.

Discourse-Guided RAG. The final stage of generation is conditioned on four inputs:
(1) the original text chunks C; (2) the intra-chunk RST trees 7'; (3) the inter-chunk rhetor-
ical graph G; and (4) the discourse-aware plan . The objective is y = arg max,, P(y’ |
q,C,T,G,B), where ¢ denotes a candidate output and y refers to the final output that

maximizes the conditional probability.’

7.3 Experimental Setup

Evaluation Datasets. We evaluate our method on three benchmarks, namely Loong
(Wang et al. 2024a), ASQA (Stelmakh et al. 2022), and SciNews (Liu et al. 2024Db).
The Loong dataset focuses on knowledge-intensive reasoning with Spotlight Locat-
ing (Spot.), Comparison (Comp.), Clustering (Clus.), and Chain of Reasoning (Chain.).
These tasks are evaluated under varying document lengths, where longer inputs increase
evidence fragmentation and reasoning difficulty. ASQA involves long-form question
answering and requires models to generate responses that are coherent and factually
grounded. SciNews targets long-document lay summarization, where the objective is to
rewrite scientific articles into accurate and accessible summaries for general audiences
(Cachola et al. 2025).

Automatic Metrics. To ensure consistency and fair comparison, we follow the offi-
cial evaluation protocols provided by each dataset’s repository (Wang et al. 2024a; Stel-
makh et al. 2022; Liu et al. 2024b). For the Loong dataset (Wang et al. 2024a; Li et al.
2025c¢), we report results using Exact Match (EM) and LLM-based scores. For ASQA
(Stelmakh et al. 2022; Chang et al. 2025), the evaluation includes EM, ROUGE-L (RL)
(Lin. 2004), and DR Score (Stelmakh et al. 2022). On SciNews, we evaluate with RL,
BERTScore (Zhang et al. 2020b), SARI (Xu et al. 2016), and SummaC (Laban et al.

4 Appendix Figure E.5 provides prompt used in discourse-aware planning.
> Appendix Figure E.11 contains the generation prompt.
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2022). These metrics assess the informativeness, fluency, and factual consistency of

generated answers. Detailed descriptions of these metrics are provided in Section E.1.

Implementation Details. Unless specified otherwise, we use L1ama-3.1-8B,Llama-3.3-70B,
or Qwen2.5-72B across all modules to instantiate and compare performance at differ-
ent model scales and families (Team. 2024).° For embedding and retrieval modules,
we utilize Qwen3-Embedding-8B (Zhang et al. 2025¢) with a chunk size of 256 tokens
without sliding window, and Top-10 retrieval based on cosine semantic similarity. We
run each setting once; we use beam search with a beam width of 3, and fix all retrieval

settings across all compared methods.

Selected Baselines. We compare Disco-RAG against three baseline settings: (1) zero-
shot LLMs (Llama-3.1-8B, Llama-3.3-70B, and Qwen2.5-72B) with full input con-
text. (2) standard RAG approach (Lewis et al. 2020b)’, where relevant chunks are
prepended to the query prior to inference.® and (3) previously published results from

state-of-the-art RAG (if applicable) systems on the same benchmark.

7.4 Results and Analysis

Main Results. The experimental results are summarized in Table 7.1, Table 7.2, and
Table 7.3, which correspond to the Loong, ASQA, and SciNews benchmarks, respec-
tively. Across all benchmarks and evaluation metrics, Disco-RAG consistently delivers

stable and substantial improvements over the standard RAG baseline.

6Llama-3.1-8B, Llama-3.3-70B, and Qwen2.5-72B are the abbreviated names for
Llama-3.1-8B-Instruct, Llama-3.3-70B-Instruct, and Qwen2.5-72B-Instruct.

7 Prompts for full context generation and standard RAG method are provided in Appendix Figure E.6 and
Figure E.7.

8 All experiments are training-free (unless otherwise specified) and use only task instructions. All hyper-
parameters follow the same settings as Disco-RAG.
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Condition Model Spot. Comp. Clus. Chain. Overall
LLM Score; EM; LLM Score; EM; LLM Score; EM; LLM Score; EM; LLM Score; EM;
Set 1 (10K-50K Tokens)
Llama-3.1-8B 55.43 0.35 56.06 0.36 47.41 0.08 65.66 0.37 56.16 0.30
Full Context Qwen2.5-72B 55.11 0.34 57.21 0.33 47.09 0.10 66.51 0.36 56.59 0.31
Llama-3.3-70B 58.82 0.44 61.33 0.35 48.15 0.11 70.31 0.37 59.54 0.32
" Lama318B 6261 032 606l 026 5361 008 5876 032 6008 025
Standard RAG Qwen2.5-72B 63.20 0.32 61.29 0.35 54.14 0.11 64.67 0.34 61.58 0.33
Llama-3.3-70B 68.44 0.45 65.32 0.39 55.30 0.12 66.48 0.36 62.78 0.34
© RQRAG*(Chanetal 2024) 7231 054 4816 005 4744 007 5896 025 5351 017
SOTA Results  GraphRAG* (Edge et al. 2024) 31.67 0.00 27.60 0.00 40.71 0.14 54.29 0.43 40.82 0.18
StructRAG (Li et al. 2025¢) 7453 047 75.58 0.47 65.13 0.23 67.84 0.34 69.43 035
””””””” Disco-RAG (Llama-3.1-8B) 7335 040 7357 037 o444 012 6801 034 6918 032
Disco-RAG (Qwen2.5-72B) 74.46 0.42 74.39 0.41 64.66 0.15 67.73 0.35 69.39 0.33
Disco-RAG (Llama-3.3-70B) 76.60 0.45 75.65 0.45 65.36 0.17 68.30 0.38 71.00 0.38
Set 2 (50K—100K Tokens)
Llama-3.1-8B 51.30 0.27 4237 0.21 38.32 0.06 44.49 0.11 43.78 0.14
Full Context Qwen2.5-72B 5237 0.30 44.47 0.25 39.24 0.07 47.69 0.11 46.61 0.13
Llama-3.3-70B 55.27 0.34 47.93 0.26 40.05 0.08 50.08 0.10 48.24 0.17
© Lama318B 5702 025 4542 019 4421 005 5042 015 4902 016
Standard RAG Qwen2.5-72B 60.13 0.26 50.64 0.20 45.17 0.05 53.28 0.16 50.33 0.17
Llama-3.3-70B 60.38 0.27 53.37 0.22 45.76 0.07 56.73 0.18 53.77 0.18
© RQ-RAG" (Chanectal 2024) 5735 035  S0.83 016 4285 003 4760 010  47.09 010
SOTA Results  GraphRAG* (Edge et al. 2024) 24.80 0.00 14.29 0.00 37.86 0.00 46.25 0.12 33.06 0.03
StructRAG (Li et al. 2025c¢) 68.00 0.41 63.71 0.36 61.40 0.17 54.70 0.19 60.95 0.24
T Disco-RAG (Llama-3.1-88) 6603 036 6356 024 5953 014 5306 016 5903 023
Disco-RAG (Qwen2.5-72B) 67.17 0.36 64.06 0.30 60.63 0.15 57.22 0.20 61.32 0.25
Disco-RAG (Llama-3.3-70B) 69.92 0.39 64.34 0.36 61.67 0.18 58.23 0.22 63.61 0.28
Set 3 (100K-200K Tokens)
Llama-3.1-8B 4225 0.22 37.43 0.12 3227 0.00 35.62 0.00 36.51 0.08
Full Context Qwen2.5-72B 45.47 0.29 40.13 0.13 35.29 0.01 48.47 0.01 42.01 0.10
Llama-3.3-70B 4731 0.31 41.11 0.14 35.64 0.01 49.78 0.01 4227 0.11
© Lama318B 4922 021 4024 003 3604 000 4905 000 4342 006
Standard RAG Qwen2.5-72B 50.14 0.25 41.83 0.04 40.07 0.03 49.09 0.02 4438 0.11
Llama-3.3-70B 50.33 0.33 43.70 0.06 40.13 0.04 50.10 0.05 45.77 0.13
© RQRAG*(Chanetal 2024) 5050 013 4462 000 3698 000 3679 007 4093 005
SOTA Results ~ GraphRAG* (Edge et al. 2024) 15.83 0.00 27.40 0.00 42.50 0.00 43.33 0.17 33.28 0.04
StructRAG (Li et al. 2025¢) 68.62 0.44 57.74 0.35 58.27 0.10 49.73 0.13 57.92 0.21
T Disco-RAG (Llama-3.1-8B) 6076 026 5580 011 5307 005 5031 008 5664 015
Disco-RAG (Qwen2.5-72B) 65.58 0.33 56.89 0.19 57.23 0.06 51.20 0.13 57.14 0.18
Disco-RAG (Llama-3.3-70B) 66.37 038 57.84 0.28 58.85 0.07 52.17 0.15 58.86 0.22
Set 4 (200K-250K Tokens)
Llama-3.1-8B 31.79 0.12 25.37 0.06 27.87 0.00 26.76 0.00 27.82 0.04
Full Context Qwen2.5-72B 3422 0.18 28.23 0.06 28.11 0.00 28.48 0.00 30.15 0.04
Llama-3.3-70B 36.76 0.21 3222 0.07 30.69 0.00 30.17 0.00 3221 0.05
" Lama318B 4001 01l 3190 000 3233 000 2992 000 3352 002
Standard RAG Qwen2.5-72B 40.14 0.16 3231 0.01 34.00 0.00 30.02 0.01 33.64 0.04
Llama-3.3-70B 40.27 0.25 34.49 0.02 36.41 0.01 3133 0.02 35.61 0.07
© RQ-RAG" (Chanetal 2024) 2017 008 4036 000 2692 000 3469 000 3191 001
SOTA Results  GraphRAG* (Edge et al. 2024) 17.50 0.00 26.67 0.00 20.91 0.00 33.67 0.33 23.47 0.05
StructRAG (Li et al. 2025c¢) 56.87 0.19 55.62 0.25 56.59 0.00 35.71 0.05 51.42 0.10
””””””” Disco-RAG (Llama-3.1-88) 5668 0.9 5392 012 5753 002 3600 003 5087 008
Disco-RAG (Qwen2.5-72B) 57.27 0.22 54.97 0.15 57.40 0.02 36.17 0.06 54.47 0.10
Disco-RAG (Llama-3.3-70B) 57.74 0.27 55.81 0.17 57.36 0.03 36.06 0.06 54.62 0.11

Table 7.1: Loong benchmark results across four document-length settings. Our method
(Disco-RAG) is compared against zero-shot LLMs with full context, standard RAG, and prior
SOTA. * means that the results are directly taken from Li et al. (2025¢). We use bold red to
indicate the best results and blue underlined text to indicate the second-best results.
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On the Loong benchmark, Disco-RAG demonstrates clear gains across varying document-
length settings. With L1ama-3.3-70B as the backbone, our method achieves an LLM
Score of 71.00 in Set 1, outperforming standard RAG by 8.22 points. The performance
gap becomes more significant in Set 4, where Disco-RAG scores 54.62 compared to
35.61 for standard RAG. Averaged across all four sets, our approach also surpasses the
best previously reported training-based method StructRAG (62.07 vs. 60.38).

Model EM; RL; DR Score;

Baselines with full context

Llama-3.1-8B 20.1 30.6 16.3
Qwen2.5-72B 213 31.8 17.1
Llama-3.3-70B 22.7 329 16.8

Baselines with standard RAG

Llama-3.1-8B 373 36.9 23.4
Qwen2.5-72B 37.7 37.2 23.7
Llama-3.3-70B 38.2 37.2 24.1
SOTA Results
FLARE (Jiang et al. 2023b) 41.3 343 31.1
Tree of Clarifications (Kim et al. 2023) — 39.7 36.6
Open-RAG (Islam et al. 2024b) 36.3 38.1 —
ConTReGen (Roy et al. 2024) 41.2 — 30.3
DualRAG (Cheng et al. 2025) — 31.7 —
RAS (Jiang et al. 2026) — 39.1 —
MAIN-RAG-Mistral-7B (Chang et al. 2025) 35.7 36.2 —
MAIN-RAG-Llama3-8B (Chang et al. 2025) 39.2 42.0 —
Ours
Disco-RAG (Llama-3.1-8B) 40.4 42.2 32.6
Disco-RAG (Qwen2.5-72B) 41.8 41.3 332
Disco-RAG (Llama-3.3-70B) 42.0 42.3 32.8

Table 7.2: Performance on the ASQA benchmark. Disco-RAG consistently outperforms stan-
dard RAG across all metrics. It also surpasses existing SOTA methods on most dimensions.
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On ASQA, our method again yields consistent advantages. With L1ama-3.1-8B,
EM, RL, and DR scores increase from 37.3/36.9/23.4 t0 40.4/42.2/32.6, and with L1ama-3.3-70B,
EM rises to 42.0 and DR to 32.8. Notably, our method outperforms more sophisticated
prompting systems, such as MAIN-RAG (42.0 RL) and Tree of Clarifications (39.7
RL), achieving an RL score of 42.3. On the SciNews summarization task, our approach
exhibits strong generalization ability. Using L1ama-3.3-70B, Disco-RAG obtains 21.11
RL score, 65.67 BERTScore, 44.37 SARI, surpassing both standard RAG and the pre-
vious best system (Liu et al. 2024b; Liu et al. 2025b).

Model RL; BERTScore; SARI; SummaC;

Baselines with full context

Llama-3.1-8B 15.33 59.27 3543 48.31
Qwen2.5-72B 17.00 60.41 37.62 55.03
Llama-3.3-70B 17.19 61.03 37.65 54.73

Baselines with standard RAG

Llama-3.1-8B 17.12 60.35 38.01 55.26
Qwen2.5-72B 18.09 61.28 38.32 60.12
Llama-3.3-70B 18.17 61.37 37.74 60.39
SOTA Results
RSTformer (Liu et al. 2024b) 20.12 62.80 41.56 —
SingleTurnPlan (Liang et al. 2024b) 19.68 — — —
Plan-Input (Liu et al. 2025b) — 65.32 — 72.40
Ours
Disco-RAG (Llama-3.1-8B) 19.25 63.47 40.25 63.35
Disco-RAG (Qwen2.5-72B) 20.10 64.83 41.48 66.30
Disco-RAG (Llama-3.3-70B) 21.11 65.67 44.37 69.48

Table 7.3: Performance on the SciNews dataset. Disco-RAG beats both zero-shot and standard
RAG, and often surpasses prior SOTA across multiple metrics.

Ablation Studies. We perform ablation studies on the Loong benchmark, as summa-
rized in Table 7.4, to assess the contribution of each component in Disco-RAG. We find
that the removal of any single module leads to performance degradation. The full model
achieves an overall LLM Score of 62.07, which drops to 56.22, 57.10, and 59.75 when

the RST tree, rhetorical graph, and planner is removed, respectively. Similarly, the Ex-
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Set 1 Set 2 Set 3 Set 4 Overall

Method
LLM Score; EM4 LLM Scorey EM; LLM Scorey EMy LLM Scorer EM; LLM Scorey  EMj
Disco-RAG (full) 71.00 0.38 63.61 0.28 58.86 0.22 54.62 0.11 62.07 0.24
w/o RST tree 65.45 0.34 58.41 0.22 54.90 0.14 47.63 0.07 56.22 0.20
w/o rhetorical graph 67.80 0.33 58.87 0.24 54.04 0.15 48.16 0.10 57.10 0.21
w/o planning 69.11 0.35 60.14 0.25 57.20 0.20 50.34 0.12 59.75 0.22

" Standard RAG 6278 034 5377 0.8 4577 013 3561 007 4933 017

w/ retrieve-and-plan 64.05 0.35 54.92 0.18 46.11 0.14 37.22 0.07 50.64 0.18

w/ plan-and-retrieve 64.62 0.35 55.38 0.19 47.82 0.14 38.08 0.08 51.38 0.18

Table 7.4: Ablation study of the three modules in Disco-RAG with Llama-3.3-70B. w/o RST
tree removes intra-chunk modeling, w/o rhetorical graph removes inter-chunk modeling, and
w/o planning removes discourse-aware planning. We additionally report two generic planning
baselines built on standard RAG. retrieve-and-plan generates a free-form plan conditioned on
retrieved chunks before generation, and plan-and-retrieve first generates a free-form plan from
the query and then performs a retrieval step guided by this plan.

act Match metric decreases from 0.24 in the full setting to values ranging from 0.20 to
0.22 across the ablated variants. We also include two generic planning baselines built
on standard RAG to isolate the added value of discourse structure modeling beyond

planning alone.’

Among the three components, the RST tree and rhetorical graph prove to be the
most critical. In the long-document setting (Set 4), eliminating the RST tree leads to a
decrease in LLM Score from 54.62 to 47.63. Similarly, removing the rhetorical graph
reduces the score to 48.16, whereas excluding the planner causes a smaller drop to 50.34.
These findings imply that while all three modules contribute complementarily, structural
modeling within and across chunks plays a central role in aggregating information and

maintaining discourse coherence.

Impact of Retrieval Granularity and Noise Robustness. To assess the robustness
of Disco-RAG under different retrieval conditions, we execute a series of controlled
experiments that manipulate the chunk size of passages, the number of Top-£ retrieved
chunks, and the proportion of noisy passages. All experiments are conducted on the
Loong dataset using L1lama-3.3-70B as the backbone model. We maintain identical
prompts and decoding configurations across all systems. The evaluation includes two
baseline methods, namely the full context setting and the standard RAG framework.

Performance is reported using the average LLM Score over four subsets, and the results

9 Prompts for these two generic planning baselines are provided in Appendix Figure E.8 and Figure E.9.
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are visualized in Figure 7.3.

(a) Performance vs. Chunk Size (b) Performance vs. Top-k (c) Performance vs. Noise Chunks (Top-10)
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Figure 7.3: Performance comparison under varying chunk size (a), Top-k value (b), and retrieval
noise level (c).

Panel (a) of Figure 7.3 shows that standard RAG performs best at a chunk size of 256
tokens (49.33) but degrades with larger chunks due to the loss of structural coherence.
In contrast, Disco-RAG maintains stable performance across all chunk sizes, with scores
ranging from 62.07 to 58.91, showing strong robustness to granularity shifts. Panel (b)
of Figure 7.3 shows that while standard RAG peaks at Top-10 and declines with larger k&
due to accumulating noise, Disco-RAG also performs best at Top-10 but remains robust
up to Top-50, showing enhanced capacity to integrate and filter redundant information.
Panel (c) of Figure 7.3 evaluates noise robustness by replacing a fraction of the Top-10
retrieved passages with unrelated content. We randomly replace a proportion of retrieved
chunks (e.g., 20%, 40%) with irrelevant ones sampled at random from a pool of non-
retrieved chunks. The standard RAG exhibits a steep performance drop from 49.33 to
45.23 as noise increases, whereas Disco-RAG retains a score of 56.17, highlighting the

structural resilience of our method to retrieval errors.

Impact of Structure Quality and Perturbation Analysis. To determine whether the
performance gains of Disco-RAG arise from the quality of structural modeling rather
than the mere presence of structural cues, we conduct a set of controlled perturbation
experiments targeting three core components of our framework. These include intra-
chunk RST trees, inter-chunk rhetorical graphs, and discourse-aware plans. For each
module, we introduce partial degradations by randomly selecting relation labels, edge
directions, or planning steps, and either replacing or removing them. This design ensures
that the perturbed structures still retain partial coherence, allowing us to assess how
sensitive the model is to incomplete or noisy signals. All experiments are conducted

with L1lama-3.3-70B under consistent retrieval and decoding conditions to maintain
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causal interpretability.

(a) RST Tree Perturbation (b) Rhetorical Graph Perturbation (c) Planning Compliance Perturbation
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Figure 7.4: Effect of structural perturbations on performance. Panels (a), (b), and (c) correspond
to intra-chunk RST trees, inter-chunk rhetorical graphs, and discourse-aware plans, respectively.
Each perturbation involves randomly altering or removing the relevant elements.

Figure 7.4 presents the results of the perturbation study. Panel (a) of Figure 7.4 ex-
hibits that perturbing intra-chunk structures leads to a consistent performance decrease.
Randomly shuffling a portion of rhetorical relation labels reduces the LLM Score from
62.07 to 55.48. Randomly altering some nucleus—satellite roles lowers the score to
55.15. Removing a randomly selected subtree connection decreases the score to 56.77.
Panel (b) of Figure 7.4 presents the effect of modifying rhetorical graphs. Randomly re-
moving some graph connections between chunks reduces the score to 57.60. Randomly
flipping the directions of a subset of edges yields 55.82, while replacing some discourse
relation labels within the graph gives 55.50. Panel (c) of Figure 7.4 analyzes the degra-
dation of rhetorical plans. Omitting the plan altogether reduces performance to 59.75.
Shuffling some of the step sequences causes a decline to 57.50, while removing a subset
of steps results in 58.14.

Across all three dimensions, structural perturbations lead to a performance reduction,
yet do not eliminate the benefits conferred by structure-aware modeling. Even when
exposed to corrupted or incomplete signals, Disco-RAG consistently outperforms both
the standard RAG and the full context setting. These results confirm that the observed
improvements are not merely due to the inclusion of additional tokens, but instead arise

from the model’s capacity to leverage structural signals.

Parsing Evaluation. To assess the parser quality on our framework, we evaluate the
LLM-based parser used in Disco-RAG on the RST-DT benchmark following the eval-
uation protocol of Maekawa et al. (2024). We compare a fine-tuned RST parser from
Macekawa et al. (2024) with our zero-shot parser instantiated with L1ama-3.3-70B. Both
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models are evaluated on span F1, nuclearity F1, and relation F1 using the official data
splits and scoring scripts of the benchmark, and the results are summarized in Table 7.5.
Our zero-shot parser attains competitive scores that are close in nuclearity and relation
prediction and somewhat lower in span prediction, which still reflects reasonable sensi-

tivity to rhetorical semantics without any task-specific tuning.

Model Setting Span F1 Nuclearity F1 Relation F1
Maekawa et al. (2024) Supervised 79.8 70.4 60.0
Our Parser Unsupervised 70.4 63.1 58.6

Table 7.5: Evaluation of the RST parser on the RST-DT benchmark following the protocol of
Mackawa et al. (2024).

Note that parser development is not the primary focus of Disco-RAG, and these
results indicate that the zero-shot LLM parser provides a reasonable structural signal
for downstream reasoning. Moreover, the fine-tuned parser only generates output with
a specific format and cannot complete the rhetorical graph prediction between chunks,
while the zero-shot parser provides such flexibility.

We further conduct a case study to examine whether the parser outputs are accept-
able for the downstream task when gold annotations are unavailable for our benchmarks.
For each of Loong, ASQA, and SciNews, we randomly select 10 instances from the test
set and run our pipeline to obtain intra-chunk RST trees, inter-chunk rhetorical graphs,
and discourse-aware plans for the retrieved evidence. We then ask three human annota-
tors to judge two questions with binary labels. The first question evaluates whether the
predicted discourse structures are broadly acceptable, meaning that they capture ma-
jor relations within and between chunks even if they are not perfectly accurate in every
detail. The second question evaluates whether the discourse-aware plan is acceptable,
meaning that it organizes the answer in a reasonable order and reflects the main evidence
required by the query.

Across the sampled instances, the average acceptability rates are 0.72 for intra-chunk
discourse trees, 0.80 for inter-chunk rhetorical graphs, and 0.93 for discourse-aware
plans. The inter-annotator agreement measured by Fleiss’ « is 0.71 for intra-chunk dis-

course trees, 0.73 for inter-chunk rhetorical graphs, and 0.86 for discourse-aware plans,
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indicating high consistency among annotators. These results suggest that the parsing out-
puts and the plans provide usable discourse signals for our framework, and we expect
that improved parsing performance would further enhance the reliability of discourse

structures and thereby support additional gains in answer quality.

Comparison with Shallow Discourse Markers. We conduct a study on the Loong
to assess whether shallow discourse cues alone can provide comparable benefits to full
RST-based modeling. To this end, we design a marker-based variant that constructs inter-
chunk links using explicit discourse markers without applying EDU segmentation. We
adopt a listwise inference strategy and provide all retrieved chunks to L1ama-3.3-70B
in a single pass, which jointly predicts discourse a marker for each ordered chunk pair
based on connective cues such as however, but, although, in contrast, therefore, because,

as a result, and meanwhile."’

Method LLM Score; Exact Match,
Standard RAG 49.33 0.17

,,,,, w/ Discourse Markers 5041 020
Disco-RAG 62.07 0.24

Table 7.6: Comparison of standard RAG, a shallow discourse marker variant, and Disco-RAG
on the Loong benchmark with L1ama-3.3-70B.

Table 7.6 compares three configurations, namely standard RAG, a shallow variant
that augments standard RAG with discourse markers, and the full Disco-RAG model.
The marker-based system improves LLM Score from 49.33 to 50.41 and Exact Match
from 0.17 to 0.20. However, these gains remain modest compared with the full discourse-
aware setting, where Disco-RAG reaches 62.07 LLM Score and 0.24 Exact Match under

the same conditions.

Mixed-Model Deployment. Since the structural modules (RST parsing, rhetorical
graph construction, and planning) and the final generator are decoupled by design, they

can be instantiated with different models. To examine whether a smaller model can serve

1The prompt used for shallow discourse marker inference is provided in Appendix Figure E.10.
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as a cost-effective structural backbone, we conduct an experiment on the Loong bench-
mark in which L1ama-3.1-8B handles all structural modules while L1ama-3.3-70B is

used only for the final generation stage. Table 7.7 reports the results under four config-

urations.
Configuration Structurer / Generator LLM Score; EM;
Standard RAG 70B /70B 49.33 0.17
Disco-RAG (all 8B) 8B /8B 58.94 0.20
Disco-RAG (8B+70B) 8B /70B 60.52 0.22
Disco-RAG (all 70B) 70B / 70B 62.07 0.24

Table 7.7: Mixed-model results on the Loong benchmark. Structurer refers to the model used
for RST parsing, rhetorical graph construction, and planning; Generator refers to the model used
for final answer generation. 8B = L1ama-3.1-8B; 70B = L1ama-3.3-70B.

The mixed configuration (8B structurer + 70B generator) achieves an LLM Score
of 60.52, recovering the majority of the gain obtained by the full 70B setting (62.07)
and substantially outperforming standard RAG (49.33). Even the all-8B variant reaches
58.94, indicating that smaller models can produce discourse structures that still benefit
downstream generation. The remaining gap between the 8B+70B and all-70B settings
(1.55 LLM Score) suggests that higher-quality structural signals from larger models still
contribute incrementally, yet the cost reduction from offloading structural inference to
an 8B model may be preferable in resource-constrained deployments. These results con-
firm that the modular architecture of Disco-RAG supports flexible allocation of model
capacity across components without forfeiting the core benefits of discourse-aware gen-

eration.

Effect of Supervised Fine-Tuning. We examine how supervised fine-tuning interacts
with discourse-aware modeling on the SciNews summarization benchmark. Starting
from Llama-3.3-70B, we fine-tune the generator on the SciNews training split with a
standard sequence-to-sequence summarization objective and test using the RAG setting
under three conditions. In the end-to-end baseline, the model is trained using only the

raw document-summary pairs without any discourse inputs. In the second setting, the
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model is trained in the same way, but at test time, we augment the inputs with the intra-
chunk RST trees, inter-chunk rhetorical graphs, and discourse-aware plans produced by
Disco-RAG. In the third setting, both training and inference use the discourse-enriched
inputs so that the model can adapt its parameters to the structural signals. For com-
parison, we also include the original training-free Disco-RAG system that conditions

generation on discourse structures via prompting without parameter updates.

Method RL; SummaC;
____End-to-end SFT (no discourse) 203 668

Disco-RAG (training-free) 21.1 69.5

SFT with test time discourse 22.8 72.3

SFT with train and test discourse 23.3 74.0

Table 7.8: Impact of supervised fine-tuning (SFT) and discourse conditioning.

All systems share the same retrieval pipeline and decoding configuration, and we
report RL and SummaC on the SciNews test set. Table 7.8 shows that naive end-to-end
fine-tuning improves over the zero-shot standard RAG baselines but remains behind the
training-free Disco-RAG. When discourse structures are provided at test time, the fine-
tuned model surpasses Disco-RAG, indicating that structural guidance and parameter
adaptation bring complementary benefits. When discourse structures are incorporated
during both training and inference, we observe further gains in both RL and SummacC.
These results confirm that our discourse-aware framework is orthogonal to model train-
ing and that injecting discourse information can consistently enhance performance on

top of supervised fine-tuning.

Significance Testing. To assess whether the improvements of Disco-RAG over stan-
dard RAG are statistically reliable under the same backbone model and decoding config-
uration, we conduct paired t-tests on metric scores for every benchmark, every backbone,
and every automatic metric. For human evaluation, we apply the same paired t-test on
the instance-level average ratings across the three annotators for each criterion. Across
all evaluation settings reported in the paper, Disco-RAG is significantly better than stan-
dard RAG with p < 0.05.
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Human Evaluation. We conduct a human evaluation on the SciNews dataset. We
randomly sample 15 test articles and ask three graduate students with computer science
backgrounds to rate four anonymized systems, namely the full-context LLM without
retrieval, the standard RAG baseline, our Disco-RAG model, and human-written ref-
erences. Following the protocol of Liu et al. (2024b), human raters read each article
together with four shuffled summaries and assign scores on a three-point Likert scale
along four dimensions, Relevance, Simplicity, Conciseness, and Faithfulness, where
higher values indicate better quality. We measure inter-rater agreement using Fleiss’
 and obtain average values of 0.73, 0.65, 0.66, and 0.68 on the four dimensions, indi-
cating substantial consistency among annotators. Table 7.9 reports the average scores
across all annotated samples. Detailed instructions for the human raters are provided in
Section E.4.

System Relevance, Simplicity Conciseness, Faithfulness;
Full Context 1.65 1.98 1.52 1.45
Standard RAG 1.87 2.12 1.60 1.67
Disco-RAG 2.40 2.43 2.27 2.53
Human Reference 2.89 2.63 2.48 2.88

Table 7.9: Average human ratings on SciNews. Scores are computed on a three-point Likert
scale, and higher values indicate better performance.

Table 7.9 suggests that Disco-RAG improves perceived answer quality over both
full context and standard RAG systems, with considerable gains in Faithfulness and
Conciseness. Human-written references remain the strongest overall according to an-
notators, which indicates that there is still room for future model development, but the
ranking of neural systems in human evaluation is consistent with the trends observed
in automatic metrics and supports the benefits of discourse-aware retrieval-augmented

generation.

Case Studies. We present qualitative case studies to illustrate the effectiveness of
Disco-RAG compared to standard RAG. The three cases are shown in Figure 7.5, Fig-
ure 7.6, and Figure 7.7.
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Case Study 1

Query. When did The Lion King debut on Broadway?
[Chunk 1] The Lion King is a stage musical ... It debuted on July 8, 1997,

in Minneapolis, Minnesota at the Orpheum Theatre ...

[Chunk 2] ... The musical premiered on Broadway at the New Amsterdam
Theatre

in previews on October 15, 1997 ...

[Chunk 3] ... The official Broadway opening was on November 13, 1997,

at the New Amsterdam Theatre ...

[Chunk 4] ... On June 13, 2006, the Broadway production moved to the
Minskoff Theatre,

where it is still running ...

Standard RAG Output.
The Lion King debuted on Broadway in 1997. It was first performed in Minneapolis

before moving to Broadway, where it became one of the most popular shows.

Disco-RAG Output.

The Lion King opened on Broadway more than once. It premiered in previews at the
New Amsterdam Theatre on October 15, 1997, and officially opened on November
13, 1997. Later, on June 13, 2006, the production moved to the Minskoff Theatre,
where it continues to run.

Reference Answer.

The Lion King opened on Broadway more than once. It premiered on Broadway
at the New Amsterdam Theatre in previews on October 15, 1997, then officially
opened on Broadway on November 13, 1997. On June 13, 2006, the Broadway
production moved to the Minskoff Theatre, another Broadway theater, where it is
still running after more than 9,000 performances.

Remark. Standard RAG produces a vague answer that misses key details about the Broadway
timeline, providing only the year 1997. In contrast, Disco-RAG integrates evidence across all
relevant chunks, capturing both the preview and official opening dates as well as the later theater

relocation.

Figure 7.5: Case study comparing standard RAG and Disco-RAG on the query “When did The
Lion King debut on Broadway?”. Our method captures both the preview and official opening as
well as the later relocation, while standard RAG gives only a vague year-based answer.
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Case Study 2

Query. Where did Italy win the World Cup in 2006?

[Chunk 1] The 2006 FIFA World Cup final was played on July 9, 2006,

between Italy and France ... after a 1-1 draw, Italy won 5-3 on penalties ...

[Chunk 2] ... The final was held at the Olympiastadion in Berlin, Germany,

with an attendance of 69,000 spectators ...

[Chunk 3] Italy claimed their fourth world title, having previously
won in 1934, 1938, and 1982 ...

[Chunk 4] ... France had won their only previous World Cup in 1998,
while Italy had lost finals in 1970 and 1994 ...

[Chunk 5] The match was part of the France-Italy football rivalry,
and marked Italy's first world title in 24 years ...

Standard RAG Output.
Italy won the 2006 World Cup in Munich, Germany, after a penalty shootout against

France.

Disco-RAG Output.

Italy defeated France in the 2006 FIFA World Cup Final, played on July 9, 2006, at the
Olympiastadion in Berlin, Germany. After a 1-1 draw, Italy prevailed 5-3 in the penalty
shootout.

Reference Answer.

The Italy national football team defeated France and was declared world champions in the
2006 World Cup Final, the last match of the 2006 FIFA World Cup, at the Olympiastadion
stadium in Berlin, Germany, on July 9, 2006. Italy had won three previous finals in 1934,
1938, 1982 and lost in 1970 and 1994, while France had won their only previous final in
1998.

Remark. Standard RAG incorrectly states that the final took place in Munich, likely due to spurious
retrieval or shallow aggregation of context. In contrast, Disco-RAG integrates evidence across multiple

chunks, correctly identifying the Olympiastadion in Berlin as the venue and providing richer historical

context.

Figure 7.6: Case study comparing standard RAG and our proposed Disco-RAG on the query
“Where did Italy win the World Cup in 2006?”. Our method correctly identifies the Olympias-
tadion in Berlin, while standard RAG produces a factual error.
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Case Study 3

Query. Is Pluto a planet?
[Chunk 1] Pluto was discovered in 1930 and was long regarded as the ninth
planet

in the Solar System in many textbooks and popular references.

[Chunk 2] In 2006, the International Astronomical Union adopted a formal
definition

of "planet" and reclassified Pluto as a dwarf planet.

[Chunk 3] The 2006 definition requires a planet to orbit the Sun, be nearly
round,

and clear its orbital neighborhood, which Pluto does not satisfy.

Standard RAG Output.
Yes. Pluto is the ninth planet in the Solar System.

Disco-RAG Output.

Pluto was historically treated as the ninth planet, but it is currently classified as a dwarf
planet. In 2006, the International Astronomical Union adopted a definition of a planet

that requires clearing the orbital neighborhood, and Pluto does not meet this criterion.

Reference Answer.

Pluto is not classified as a planet under the current astronomical definition. It was long
considered the ninth planet after its discovery in 1930, but the International Astronom-
ical Union reclassified it as a dwarf planet in 2006 because it does not clear its orbital

neighborhood.

Remark. Standard RAG commits to an outdated claim from Chunk 1 and produces a categorical
answer that conflicts with the current definition. In contrast, Disco-RAG uses the Contrast relation to
avoid merging incompatible statements and uses the Background relation to ground the final answer in

the relevant criterion, which reduces the risk of hallucinating a definitive but incorrect conclusion under

conflicting evidence.

Figure 7.7: Case study showing how discourse relations affect generation under conflicting
evidence. The Contrast relation prevents incompatible claims from being merged, and the
Background relation provides the criterion needed for a faithful answer.
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7.5 Related Work

Structure-Aware Retrieval-Augmented Generation. Retrieval-Augmented Gener-
ation (RAG) enhances LLMs in knowledge-intensive tasks by retrieving external evi-
dence (Lewis et al. 2020b). However, conventional RAG methods typically treat re-
trieved chunks as isolated and flat sequences, overlooking their structural interconnec-
tions. To mitigate this, recent research has explored structure-aware variants of RAG.
Graph-based methods (Nigatu et al. 2025; Hu et al. 2025; Wu et al. 2025b; Zhu et al.
2025; Zhou et al. 2026) such as GraphRAG (Edge et al. 2024) and KG-RAG (Sanmartin.
2024) organize evidence into knowledge graphs, while subsequent work has improved
retrieval by simulating human memory mechanisms (Gutierrez et al. 2024; Gutiérrez et
al. 2025) or enriching graph semantics (Liang et al. 2025). Other approaches construct
structured subgraphs for coherence (Mavromatis et al. 2025; Li et al. 2025b), or employ
alternative formats like hierarchical graphs (Wang et al. 2025¢; Huang et al. 2025a), se-
mantic chunking (Wang et al. 2025d; Qu et al. 2025; Zhao et al. 2025), trees (Sarthi et al.
2024), and tables (Lin et al. 2025). More adaptive strategies dynamically select struc-
tures based on context (Li et al. 2025¢). Despite these advances, most efforts emphasize
surface-level associations (e.g., linking entities) while largely overlooking the rhetorical
structure that governs causal flow, evidence presentation, and conclusion formulation.

This hinders logical depth and discourse coherence, which our work seeks to address.

Rhetorical Structure Theory for Text Generation. Rhetorical Structure Theory (RST;
Mann et al. 1987; Mann et al. 1988) is a discourse framework that models hierarchical
dependencies and rhetorical relations among Elementary Discourse Units (EDUs). It
distinguishes between nucleus and satellite units, connected by relations such as Elab-
oration, Causality, and Contrast, forming tree structures that reflect communicative in-
tent. Foundational work (Marcu. 1997; Marcu. 1999a; Mann et al. 1987; Bhatia et al.
2015; Hayashi et al. 2016) has established strong correlations between rhetorical struc-
ture and human text planning (Adewoyin et al. 2022). Later studies have leveraged RST
by converting trees into dependency graphs or imposing structural constraints to improve
coherence and consistency in neural generation models (Chistova. 2023; Zeldes et al.
2025; Chistova. 2024; Maekawa et al. 2024). More recent efforts have integrated RST
into LLMs to improve cross-sentence reasoning and enhance both structural integrity
and interpretability of generated outputs (Liu et al. 2023c¢; Liu et al. 2024a). Compared
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with shallow discourse markers or sentence-level connectives, the present work extends
RST modeling to the RAG setting by explicitly encoding the deeper structure of retrieved

passages and highlighting the importance of hierarchical structure.

7.6 Chapter Summary

This chapter addressed Research Question 5 by investigating whether discourse structure
can be leveraged to organize structurally disconnected retrieved evidence in retrieval-
augmented generation. The proposed Disco-RAG framework augments standard RAG
pipelines with discourse-aware modeling at three levels, namely local structure within
chunks, global rhetorical relations across chunks, and a planning stage that synthesizes
these signals into an ordered generation blueprint. Experiments on Loong, ASQA, and
SciNews demonstrated that this approach yields consistent improvements in answer
quality and factual consistency over both standard RAG baselines and prior state-of-
the-art methods, without requiring in-domain fine-tuning. Ablation studies confirmed
that all three structural components contribute complementarily, with the intra-chunk
RST tree and inter-chunk rhetorical graph proving most critical in long-context settings.
Controlled perturbation experiments further showed that the observed gains depend on
the quality of the discourse structures rather than on the mere presence of additional
structural tokens, providing empirical support for Hypothesis V.

With this chapter, the dissertation completes a trajectory that began with distribu-
tional discourse representations for attention modulation in long-document encoding
(Chapter 3), extended through parameter-efficient adaptation under constrained update
budgets (Chapter 4), advanced to macro-level planning for multimodal summarization
(Chapter 5), progressed to fine-grained control over explanatory content in public-facing
summaries (Chapter 6), and arrived at the organization of retrieved evidence through
discourse structure in retrieval-augmented generation (Chapter 7). Across these set-
tings, the recurring finding is that making organizational decisions explicit, whether as
soft attention biases, structured intermediate plans, or rhetorical scaffolds over retrieved
passages, tends to yield improvements in controllability and factual reliability that are
difficult to obtain through implicit end-to-end learning alone. The following chapter
synthesizes these findings, discusses limitations, and outlines directions for future re-

search.



Conclusion

This dissertation investigates how discourse structure can inform and improve text gen-
eration across a variety of challenging scenarios, spanning long-document summariza-
tion, multimodal and explanatory summarization, and retrieval-augmented generation.
The central thesis is that explicit modeling of rhetorical organization, whether through
distributional representations of discourse relations, structured generation plans, or rhetor-
ical scaffolds over retrieved evidence, enables generation systems to make better deci-
sions about content selection, ordering, and presentation. Five studies are presented to
examine this thesis from complementary angles. Chapter 3 and Chapter 4 focus on inte-
grating discourse information into the encoding process for long-document summariza-
tion. Chapter 5 and Chapter 6 extend this perspective to the generation stage through
explicit planning mechanisms in multimodal and explanatory summarization settings.
Chapter 7 broadens the scope by applying discourse structure modeling to retrieval-
augmented generation, where retrieved evidence lacks explicit rhetorical connections,

and the generator operates over structurally disconnected passages.

This concluding chapter synthesizes the main findings and reflects on their broader
implications. Section 8.1 summarizes the primary contributions of each study. Sec-
tion 8.2 distills cross-cutting insights that emerge from the collective evidence and dis-
cusses what these findings reveal about the role of discourse in text generation. Sec-
tion 8.3 acknowledges the limitations of the current work, and Section 8.4 outlines
promising directions for future research. The use of Al tools is disclosed in Section 8.5,
and ethical considerations (Section 8.6) are discussed to address the responsible use of

data and models throughout this dissertation.

163
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8.1 Core Contributions

This dissertation applies discourse as a guiding perspective to study text generation from
complex or distributed evidence. Beyond surface fluency, the central interest lies in
whether explicitly conditioning on discourse structure can help generation systems make
more robust and consistent decisions about what to include, how to order evidence, and
how to organize the output when inputs become longer, adaptation budgets are limited,
the modality and audience change, or the evidence is retrieved from external sources
without pre-existing rhetorical connections. The main contributions of this dissertation

are summarized below.

* Discourse distributions for long-document summarization. Chapter 3 proposes an
uncertainty-aware formulation of discourse structure as distributions over rhetorical
relation types, rather than relying on a single 1-best parse. These distributional signals
are injected into long-context Transformer attention so that local information aggrega-
tion can be guided by relation semantics and salience asymmetries. This design sup-
ports a more fine-grained analysis of when relation labels and structural confidence
influence summary coverage and discourse coherence.

* Discourse-guided parameter-efficient adaptation. Chapter 4 studies discourse sig-
nals under limited update budgets and introduces discourse-aware low-rank variants
that make it possible to integrate discourse information without full model fine-tuning.
It develops controlled comparisons between label-aware and label-agnostic encodings,
and between uncertainty-preserving and deterministic encodings, to separate the role
of discourse semantics from the role of structural confidence. The empirical analyses
focus on behavioral consistency under constrained adaptation, while also considering
how stronger structural control may interact with factual risk.

* Discourse-aware planning for video summarization. Chapter 5 extends the dis-
course perspective to scientific video-to-text summarization and introduces a large-
scale dataset of aligned presentation videos and paper abstracts, together with a bench-
marking protocol intended to support comparison. It then studies a discourse-aware
planning generation pipeline in which an explicit organizational plan guides summary
generation, motivated by the relatively regular discourse organization of scientific ab-
stracts. The analyses examine how planning affects discourse-level coherence and

factual grounding when multimodal evidence is incomplete or noisy.

» Explanatory summarization for public audiences. Chapter 6 treats explanation as



8.2. Synthesis of Findings 165

a discourse component that can be planned, located, and controlled, and it formulates
planning as a sequence of questions that reflects how human writers introduce ex-
planatory sentences. This representation supports more explicit control over where
explanations appear and what they target, while keeping the overall summary struc-
ture interpretable. In addition, it also discusses evaluation mismatch in explanatory
settings and motivates verification-oriented analyses alongside readability and cover-
age, in order to better separate helpful explanations from unreliable elaborations.

* Discourse-aware retrieval-augmented generation. Chapter 7 extends discourse struc-
ture modeling beyond summarization to retrieval-augmented generation, where re-
trieved passages arrive as structurally disconnected chunks. It proposes a framework
that constructs local RST trees within each chunk, infers a directed rhetorical graph
across chunks to capture inter-chunk relations, and introduces a discourse-driven plan-
ning module that synthesizes these structural signals into an ordered blueprint for an-
swer generation. Ablation and perturbation analyses provide evidence that the ob-
served improvements stem from the quality of the discourse structures rather than from

the mere presence of additional structural tokens.

8.2 Synthesis of Findings

This dissertation presents five complementary studies that collectively investigate the
role of discourse structure in text generation across a range of scenarios, from long-
document summarization to retrieval-augmented question answering. The following
discussions distill several core insights from these studies and offer broader reflections

on discourse-aware generation methods.

Uncertainty as Informative Signal. Experiments in Chapter 3 and Chapter 4 con-
sistently demonstrate that representing discourse structures as probability distributions,
rather than committing to a single 1-best parse tree, leads to more robust summarization
performance. While this finding may appear counterintuitive given the conventional
expectation that parsers should output the most confident structural annotation, it aligns
with a growing body of evidence that discourse relations are not always uniquely deter-
mined. Crowd-sourced annotation studies have shown that human readers often assign
different but individually plausible relation labels to the same text span (Scholman et al.

2022), and that modeling these label distributions, rather than collapsing them into a
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single category, can improve classification of implicit discourse relations (Yung et al.
2022). More recently, the Enhanced RST framework has formalized the notion that
multiple rhetorical relations may hold concurrently at the same position in a discourse
graph (Zeldes et al. 2025). These observations suggest that a forced single parse may
discard informational value that is inherent in the structural ambiguity of the text. When
summarization models have access to n-best discourse forests and their associated con-
fidence scores, they can learn to dynamically weigh alternative structural interpretations
depending on context, rather than being constrained by a potentially erroneous deter-

ministic decision.

Explicit Structure and Implicit Learning. Although large-scale language models are
capable of implicitly acquiring shallow discourse patterns from vast amounts of text,
multiple experiments in this dissertation demonstrate that explicitly incorporating dis-
course structures yields measurable performance gains. One plausible explanation is
that most pretraining objectives do not directly optimize for discourse-level organization.
Masked language modeling and next-token prediction primarily capture local lexical co-
occurrence and syntactic patterns rather than global structural relations that span multiple
paragraphs. A notable exception is the Next Sentence Prediction (NSP) objective used
in BERT-family models, which does encode a form of inter-sentential coherence. Shi
et al. (2019) showed that BERT models trained with NSP achieve strong performance on
implicit discourse relation classification, and BERT-based encoders remain competitive
for this task to date (Gessler et al. 2021). However, NSP operates at the level of sentence
pairs and does not capture the kind of document-level structural dependencies, such as
long-range salience asymmetries and multi-paragraph rhetorical organization, that are
central to the generation settings studied in this dissertation. In Chapter 3, annotated
discourse distribution tensors are injected into Longformer’s sparse attention computa-
tions, while in Chapter 4, RST distribution matrices serve as modulation coefficients for
the input representations of LoORA. Both approaches introduce structural signals through
soft modulation and enable discourse knowledge to complement the model’s native lin-
guistic capabilities without interference. Ablation studies in Chapter 4 further show that
replacing real discourse distributions with random values causes performance to degrade
to near-baseline levels. This confirms that the benefit of structural signals stems from

their semantic content rather than from regularization effects or random perturbations.
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Planning as Structured Generation Constraint. Chapter 5, Chapter 6, and Chap-
ter 7 introduce planning as an intermediate stage in the generation process. Prior work
has established that decomposing generation into a content selection step followed by
surface realization can improve both faithfulness and controllability. Puduppully et al.
(2019) demonstrated this principle for data-to-text generation, where entity-based con-
tent plans determine what information to convey and in what order. Narayan et al. (2021)
extended this idea to abstractive summarization by prepending entity chains as learned
prompts, showing that such plans reduce hallucinations by grounding the decoder in an
explicit content outline. More recently, Narayan et al. (2023) proposed question-answer
blueprints as a richer form of plan that captures not only what to say but also the com-
municative intent behind each summary sentence, and Adams et al. (2023) showed that
EDU-level content plans can guide the generation of more diverse and higher-quality
summary candidates for re-ranking. The findings in Chapter 5, Chapter 6, and Chap-
ter 7 are consistent with this line of work and extend it in three directions. First, in
the multimodal setting of Chapter 5, planning helps bridge the gap between temporally
fragmented video evidence and the relatively regular rhetorical organization expected
of scientific abstracts. Second, in the lay summarization setting of Chapter 6, planning
at the EDU level enables fine-grained control over where and what type of explana-
tory content is generated, a capability that phrase-level plans do not readily support.
Third, in the retrieval-augmented setting of Chapter 7, planning operates over discourse
structures inferred from independently retrieved passages, synthesizing intra-chunk and
inter-chunk rhetorical signals into an ordered blueprint that guides the generator toward
more coherent and factually grounded answers. Controllable generation experiments
further demonstrate that modifying the planning signals can reliably influence the struc-
ture and content of the output, whereas end-to-end models exhibit greater instability

when presented with similar high-level instructions.

Relation Semantics for Content Selection. Chapter 3 and Chapter 4 compare model
variants that either retain or omit discourse relation labels, with consistent results indi-
cating that distinguishing among rhetorical relation types leads to greater performance
gains. This finding aligns with a long-standing assumption in discourse-based genera-
tion. Early work by Marcu (1997) and Marcu (1999b) demonstrated that the nucleus—
satellite distinction in RST trees can serve as an effective heuristic for content selection,

while Louis et al. (2010) showed that discourse indicators are informative predictors
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of sentence importance. More recent neural approaches have confirmed that integrat-
ing RST structure into extractive and abstractive models improves content selection (Xu
et al. 2020; Xiao et al. 2020; Dong et al. 2021), though these studies typically rely on
the 1-best tree without distinguishing among relation types. The results in this disserta-
tion suggest that relation-type information provides semantic cues that go beyond struc-
tural centrality alone. For example, satellite units marked as Elaboration often contain
detailed expansions of core propositions and may be more readily omitted during con-
tent compression, whereas units marked as Evidence or Reason serve argumentative
functions and should be retained or excluded depending on whether the associated nu-
cleus appears in the summary. Further experiments in Chapter 6 demonstrate that, in
the context of lay-oriented science summarization, relations such as Explanation and
Background are especially critical for producing informative and readable summaries.
Removing planning questions associated with these relation types leads to notable de-
clines in both informativeness and readability, reinforcing the view that relation seman-

tics carry task-relevant information that coarser structural signals do not fully capture.

From Encoding to Planning Paradigms. The trajectory of this dissertation reveals a
methodological evolution in how discourse information is utilized, moving from the en-
coding stage to the generation stage, and from implicit modulation to explicit planning.
Earlier discourse-aware summarization systems typically inject structural information
into the encoder, for example, by converting RST trees into dependency structures that
modulate attention (Xiao et al. 2020), by incorporating discourse graphs into transformer
encoders (Xu et al. 2020; Dong et al. 2021), or by using section-level discourse cues to
reshape long-document attention patterns (Cohan et al. 2018). Chapter 3 and Chapter 4
follow this encoder-side strategy but extend it by preserving relation-type distributions
and parsing uncertainty. This approach has the advantage of leaving the decoder ar-
chitecture unchanged, but its influence on generation decisions remains implicit and
difficult to interpret directly. In contrast, Chapter 5 and Chapter 6 adopt a planning
paradigm that externalizes discourse organizational decisions into an explicit sequence
of actionable questions. This makes structural information more transparent and trace-
able throughout the generation process. Chapter 7 extends this trajectory to the RAG
setting by applying both RST-based structural analysis and discourse-driven planning
to retrieved evidence. This extension demonstrates that the planning paradigm remains

effective even when the discourse structures are not inherited from a source document
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but are instead constructed over retrieved fragments. The shift across these chapters re-
flects a deeper understanding of discourse. Rather than serving merely as auxiliary cues
for source comprehension, discourse structures are reframed as active frameworks for
organizing the generated output, whether it takes the form of a summary or a retrieval-
augmented response. The planning-based approach enables this organizational role to
be explicitly modeled while also providing clearer interfaces for user intervention and

system debugging.

Evaluation Gaps and Human—Machine Disparity. Although the methods proposed
in this dissertation achieve consistent improvements on a range of automatic evalua-
tion metrics, human evaluation results indicate that a substantial gap remains between
machine-generated texts and those written by humans. This gap is particularly pro-
nounced with respect to factual accuracy, the usefulness and accuracy of explanations,
and discourse coherence. Notably, existing automatic metrics often fail to capture these
deficiencies, an observation that echoes broader concerns in the generation evaluation
literature. Cao et al. (2022a) demonstrated that a substantial portion of so-called halluci-
nations in machine-generated texts are in fact consistent with world knowledge and can
be beneficial for readers, yet standard consistency detectors penalize them uniformly.
Analyses in Chapter 6 confirm this pattern in the lay summarization setting, where
conventional factual consistency detectors incorrectly flag helpful human-written ex-
planations as hallucinations, precisely because such explanations introduce background
knowledge that is not explicitly present in the source document. The modified evaluation
protocol introduced in Chapter 6, which incorporates external knowledge verification
via retrieval, represents one step toward addressing this mismatch, but a more funda-
mental challenge remains. When generation tasks require the incorporation of content
that extends beyond the source, consistency metrics grounded solely in source-document
entailment become inadequate. Defining and operationalizing the notion of answer use-
fulness requires accounting for the target audience’s prior knowledge and informational
needs, which are factors that remain largely unaddressed by current automatic evaluation

methods.
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8.3 Research Limitations

Data. All datasets employed in this dissertation are publicly available and subject to
peer review. Nonetheless, they reflect only a limited subset of real-world generation
scenarios. The corpora span diverse domains, including books, scientific publications,
legal documents, conference presentations, and knowledge-intensive QA benchmarks.
However, potential biases in content and label distributions have not been systematically
examined. Furthermore, the datasets are predominantly in English, and the proposed

methods have not been evaluated on multilingual benchmarks or other languages.

Parser. The discourse-aware methods developed in this dissertation depend on RST
parsers to produce structural annotations. In Chapter 3 through Chapter 6, trained parsers
are employed, while Chapter 7 adopts a zero-shot LLM-based parser. In both cases,
parser accuracy may deteriorate for longer or out-of-domain inputs, potentially leading
to error propagation in downstream tasks. Given the high cost of obtaining manually an-
notated RST trees at scale, direct comparisons between parser outputs and gold-standard
annotations remain limited. As such, the extent to which improvements in parsing ac-

curacy could enhance downstream generation quality remains an open question.

Model. This dissertation utilizes a variety of open-source language models, including
Longformer, Vicuna, Mistral, Llama-3, Qwen2.5, and several video-based large multi-
modal models. While consistent improvements are observed across these backbones, the
number of possible architectures and parameter scales is vast, and not all configurations
have been explored. Moreover, closed-source models such as GPT-4 and GPT-ol are
employed for evaluation and plan generation. However, the substantial costs associated

with API usage constrain the breadth of experiments involving these models.

Automated Evaluation. This dissertation applies a suite of widely used metrics, in-
cluding ROUGE, BERTScore, SummacC, and several task-specific measures, to assess
generation quality from multiple perspectives. Nonetheless, these metrics have known
limitations and may not fully capture all dimensions of output quality. Additionally,
evaluations using large language models (LLMs) are incorporated, but such evaluators

may exhibit biases inherited from pretraining and often lack interpretability.
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Human Evaluation. Due to the considerable length of source input, it is non-trivial to
scale human evaluation via crowd-sourcing. As a result, each study includes a limited
number of annotated samples that may not be representative of the full dataset. While all
annotators are graduate students with backgrounds in computer science or computational
linguistics, they may not possess domain expertise across all evaluation contexts. Thus,

their assessments should be interpreted in conjunction with automated evaluation results.

Efficiency. Incorporating discourse structure into the generation pipeline introduces
additional computational overhead. In Chapter 3 and Chapter 4, RST parsing is applied
as an offline preprocessing step, and the runtime cost during training and inference re-
mains comparable to the baseline. In Chapter 7, however, the framework requires addi-
tional LLM calls for intra-chunk RST parsing, inter-chunk rhetorical graph construction,
and discourse-driven planning, which increases both token consumption and end-to-end
latency. While the overhead is moderate under the experimental settings reported in
this dissertation, deploying discourse-aware methods in latency-sensitive or large-scale
applications would benefit from engineering optimizations such as caching pre-parsed
discourse structures, batching structural queries, or distilling lighter parsing and plan-
ning modules. The trade-off between structural richness and runtime efficiency remains

an open consideration across the methods proposed in this dissertation.

Scope. The methods proposed in this dissertation focus on summarization and retrieval-
augmented generation. Their applicability to other natural language processing tasks,
such as machine translation or dialogue generation, has not been explored. While the
discourse-aware mechanisms could potentially be adapted to these tasks, such extensions

remain directions for future research.

8.4 Future Directions

Advancing Discourse Parsing and Joint Learning. The discourse-aware methods
in this dissertation rely on external RST parsers to generate structural annotations. This
makes downstream performance sensitive to parser accuracy. A direction for future
research is to develop joint learning frameworks that integrate discourse parsing and
downstream generation and allow structural annotations to be optimized end-to-end for

the target task rather than relying on fixed, pretrained parsers. Moreover, while this dis-
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sertation primarily adopts Rhetorical Structure Theory and Question under Discussion as
the discourse representation framework, alternative theories such as the Penn Discourse
Treebank (PDTB) relation inventory could be explored to assess their impact on gen-
eration quality. Such comparisons may help clarify the relative advantages of different

discourse formalisms in capturing long-range dependencies and organizing content.

Extending to Multilingual Settings. All experiments in this dissertation are con-
ducted on English datasets. Extending discourse-aware generation methods to other
languages is both technically and theoretically feasible, but it introduces several chal-
lenges. Discourse structures may vary significantly across languages in terms of rhetor-
ical relation distributions, nucleus—satellite annotation conventions, and intersentential
connectives. Moreover, many languages lack large-scale annotated discourse corpora,
which poses challenges for parser transferability. Future work may explore cross-lingual
transfer learning that uses multilingual pretrained models and limited annotation. This

would enable the application of the proposed methods in low-resource language settings.

Fusion with Broader Modalities. This dissertation extends discourse-aware planning
from purely textual to the video domain and demonstrates its effectiveness in multimodal
contexts. Future research could explore integration with additional modalities, such as
scientific documents that contain charts, formulas, and tables; combinations of presen-
tation slides and spoken narration; or hybrid inputs that involve video, audio, and tran-
scripts. These scenarios require novel cross-modal discourse representations capable
of modeling the semantic roles of visual and textual elements. For example, figures in
scientific papers often function as evidential or explanatory components. Incorporating
their discourse roles into planning frameworks poses an interesting challenge. Further-
more, when different modalities offer conflicting or redundant information, effective

strategies for planning-level coordination and content selection become essential.

Task Generalization Beyond Summarization and RAG. This dissertation applies
discourse-aware methods to summarization and retrieval-augmented generation. The
underlying mechanisms may benefit a broader range of NLP tasks that require long-
range reasoning or structured content generation. In document-level machine transla-
tion, discourse information can guide cross-sentence consistency. In dialogue gener-

ation, discourse planning may facilitate the maintenance of thematic coherence across
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turns. Adapting the proposed planning framework to such tasks would require redefining

the plan format and aligning it with task-specific optimization objectives.

Interactive and Controllable Generation. Planning-based methods offer inherent
controllability because modifying the plan directly influences the structure and content
of the generated output. Our experiments demonstrate that adjusting the planning ques-
tions allows control over output length, readability, and explanation types. Building
on this, future work may develop interactive generation systems that enable users to
refine or customize outputs by editing, adding, or removing planning questions. Such
human-in-the-loop workflows hold promise for applications in science communication,
educational content creation, and personalized information access. Moreover, incorpo-
rating implicit user feedback into planning updates could allow the system to adaptively

improve its outputs based on user preferences.

Deepening the Integration of Discourse and Retrieval. Chapter 7 takes a first step
toward integrating discourse structure modeling with retrieval-augmented generation by
constructing RST trees and rhetorical graphs over retrieved passages. However, the cur-
rent framework applies discourse analysis after retrieval, treating the retriever and the
discourse parser as independent modules. A promising direction for future work is to
tighten this coupling so that discourse signals inform the retrieval process itself. For ex-
ample, a discourse-aware retriever could prioritize passages that fill specific rhetorical
roles relative to already retrieved evidence, such as selecting a passage that provides a
contrasting view or an elaboration on a partially supported claim. Additionally, the cur-
rent framework relies on a fixed retrieval step followed by a single round of discourse
analysis and planning. Iterative approaches that alternate between retrieval, discourse
structure construction, and plan refinement could allow the system to adaptively seek
additional evidence when the rhetorical scaffold reveals gaps in the argument. Explor-
ing how discourse-level feedback signals can guide retrieval updates represents an open

challenge at the intersection of structured reasoning and information retrieval.

Improving Evaluation Methodologies. Widely used automatic evaluation metrics of-
ten fail to capture discourse coherence and output usability. Our attempt to use external
knowledge validation as a proxy for factual consistency represents a preliminary step,

but limitations remain. Future work may develop more fine-grained evaluation proto-
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cols that can assess logical coherence among arguments and measure comprehensibility
for the target audience. Incorporating discourse structure into factual consistency eval-
uation is also a promising direction. For example, RST relations could be leveraged
to assess whether generated content is supported by the source evidence. Developing
automatic evaluation metrics that better align with human judgment would enhance the

reliability of benchmarking across generation tasks.

8.5 The Use of AI Tools

During the preparation of this dissertation, Al-based writing assistants (e.g., GPT-5 and
Claude) are employed solely for language polishing, grammar correction, and stylistic
refinement. These tools play no role in research ideation, methodology design, exper-
imental execution, data analysis, or the interpretation of results. All scientific content,
analytical reasoning, and conclusions presented herein are conceived, developed, and
validated entirely by the author, who assumes full responsibility for the accuracy and

integrity of this work.

8.6 [Ethical Considerations

All datasets employed throughout this dissertation are publicly accessible and adhere to
their original licenses and usage policies. For datasets collected as part of this disserta-
tion, including VISTA and SciNews, appropriate permissions have been obtained, and
the collection process strictly follows platform terms and relevant copyright regulations
for academic research. Throughout the stages of data processing, experimental analysis,
and model training and evaluation, our pipeline operates entirely on de-identified text
without collecting or inferring personal identities or sensitive attributes, and no instances
of privacy infringement have been identified.

All human evaluations in this dissertation follow voluntary participation protocols
with appropriate compensation. Participants are recruited from master’s or doctoral stu-
dents with backgrounds in computer science or computational linguistics, and all possess
advanced proficiency in English. This dissertation complies with ACL Policy on Publi-
cation Ethics, and we caution against applying our systems in high-stakes environments

without additional safeguards and human oversight.


https://www.aclweb.org/adminwiki/index.php/ACL_Policy_on_Publication_Ethics
https://www.aclweb.org/adminwiki/index.php/ACL_Policy_on_Publication_Ethics
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Appendix for Chapter 111

A.1 Questionnaire of Human Evaluation

* Faithfulness

Completely hallucinated content
A lot of hallucinated content and factual mistakes
Most content is supported by the source document

Only one or two characters or events contradicted or not mentioned in the source

M e

All information in the summary is faithful/supported by the source
* Informativeness

1. No important information in the source is covered in the summary

2. Only covers a small fraction of the source document information; one cannot
learn the main content of the story from only the summary

3. Covers around half of the important points from the source; one can learn the
main content of the story from only the summary

4. Only a few important points are missing in the summary

5. All important information is summarized
* Readability

1. Not understandable at all
2. Hard to understand the content of the summary

3. The summary is overall readable, with most sentences correct and fluent
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4. Easy to understand, with only occasional grammatical mistakes or incoherent
sentences
5. Fluent, with minor or no grammatical mistakes, coherent sentences, and clear

structure
* Conciseness

All information in the summary is redundant or unimportant
Most of the information in the summary is redundant or unimportant
Around half of the content in the summary is redundant

Only a few points in the summary are redundant

A e

No information in the summary is redundant



Appendix for Chapter IV

B.1 GPT-4 Prompts

Zero-shot Summaries Generation

Document: {Document}
Summary:

Figure B.1: Prompt for zero-shot summaries generation.

In-context Summaries Generation

Document: {Document}
Summary: {Summary}

Document: {Document}
Summary: {Summary}

Document: {Document}
Summary:

Figure B.2: Prompt for in-context summaries generation.

B.2 Human Evaluation Guidelines
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Summaries Evaluation

Source Document: {Document}

Summary of Candidatel: {Candidatel }
Summary of Candidate2: {Candidate2}
Summary of Candidate3: {Candidate3}
Summary of Candidate4: {Candidate4}
Summary of Candidate5: {Candidate5}

Note: The summaries are presented in order, with their respective candi-
date numbers from 1 to 5.

Please review the following evaluation guidelines to assess the quality of
the above five candidate summaries, and rank them from best to worst:

Evaluation Guidelines: {Guidelines}
Please use the following format for your output (scores ONLY):

Relevance of Candidatel:
Informativeness of Candidatel:
Conciseness of Candidatel:
Faithfulness of Candidatel:
Relevance of Candidate2:
Informativeness of Candidate2:
Conciseness of Candidate2:
Faithfulness of Candidate2:
Relevance of Candidate3:
Informativeness of Candidate3:
Conciseness of Candidate3:
Faithfulness of Candidate3:
Relevance of Candidate4:
Informativeness of Candidate4:
Conciseness of Candidate4:
Faithfulness of Candidate4:
Relevance of Candidate5:
Informativeness of Candidate5:
Conciseness of Candidate5:
Faithfulness of Candidate5:
Ranking (using candidate number):

Figure B.3: Prompt for summaries evaluation.
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Prerequisites To participate in this evaluation, you must meet the following
two criteria: (1) be a Master’s or Ph.D. student in Computer Science or Computa-
tional Linguistics, and (2) demonstrate English proficiency at C2 level or higher.
If you do not meet both criteria, we kindly ask you to refrain from participating
in this task. Eligible participants are encouraged to follow the instructions below
carefully.

Instructions We invite you to carefully review the following long document

along with five candidate summaries. After a thorough examination of each sum-

mary, please rate them based on the following four criteria, using a Likert scale

from 1 (worst) to 5 (best), where a higher score denotes better quality:

* Relevance: This metric assesses the extent to which the summary content ac-
curately reflects the source text. A relevant summary should encompass topics
pertinent to the source document.

» Informativeness: This metric assesses the extent to which the summary pro-
vides a comprehensive understanding of the key points and essential details from
the source text. An informative summary should encapsulate the core ideas, fa-
cilitating a clear and precise comprehension of the main arguments and findings
of the source document.

» Conciseness: This metric assesses the extent to which the summary excludes
less important information from the source text. A concise summary should
effectively eliminate non-essential content from the source document during the
generation process.

 Faithfulness: This metric assesses the extent to which the candidate is incor-
rect in that it contradicts the information from the source document. A faithful
summary adheres strictly to the information provided in the source document,
avoiding the inclusion of unverified facts.

Overall Ranking After assigning scores to each summary for the individual
criteria, rank all candidates from best to worst based on their overall quality.

“https://en.wikipedia.org/wiki/C2_Proficiency

Figure B.4: A snapshot of the experimental instructions provided to human evaluators.


https://en.wikipedia.org/wiki/C2_Proficiency




Appendix for Chapter V

C.1 Data Sample

The VISTA dataset contains carefully curated video-text pairs, predominantly sourced
from published papers, aiming to ensure a high standard of quality and relevance. The
accompanying texts are designed to function as summaries of their respective videos,
offering a concise representation of their content (see Figure C.1). Additionally, our
dataset focuses on topics within the field of artificial intelligence, making it a good re-

source for research in Al-related video-to-text summarization and comprehension.

C.2 Prompts Used in OQur Study

C.3 Human Evaluation Guidelines

C.4 Prompt for GPT-o01 to Evaluate Summary Quality

183



184

When Does Translation Require Context?
A Data-driven, Multilingual Exploration

Patrick Fernandes*, Kayo Yin*, Emmy Liu
André F. T. Martins, Graham Neubig

P8 Carnegie Mellon University W TECNICO // /’/U m
#7»"  Language Technologies Institute LISBOA k \\ L.\‘ BAI R
LR Unbabel

BERKELEY ARTIFICIAL INTELLIGENCE RESEARCH

* equal contribution

Although proper handling of discourse significantly contributes to the quality of machine
translation (MT), these improvements are not adequately measured in common translation
quality metrics. Recent works in context-aware MT attempt to target a small set of discourse
phenomena during evaluation, however not in a fully systematic way. In this paper, we develop
the Multilingual Discourse-Aware (MuDA) benchmark, a series of taggers that identify and
evaluate model performance on discourse phenomena in any given dataset. The choice of
phenomena is inspired by a novel methodology to systematically identify translations that
require context. This methodology confirms the difficulty of previously studied phenomena
while uncovering others which were not previously addressed. We find that commonly studied
context-aware MT models make only marginal improvements over context-agnostic models,
which suggests these models do not handle these ambiguities effectively. We release code and
data for 14 language pairs to encourage the MT community to focus on accurately capturing
discourse phenomena.

Figure C.1: A random sample from the VISTA dataset, originating from Fernandes et al. (2023).



185

Quality Control Guidelines

Evaluate each video-text pair to determine whether the text provides a concise
and accurate summary of the corresponding video.

» Concise: Ensure the text is brief, focused, and free of unnecessary details.

* Accurate: Verify that the text faithfully represents the video’s content.

Make binary judgments (Valid or Invalid) for each pair. If flagged as Invalid,
provide a brief justification.

Answer:

Judgment: (Valid or Invalid)

Justification: (Justification if flagged as invalid)

Figure C.2: Quality control guidelines.

Summary Generation (without plan)

Generate a summary for the provided content.
Content: {Video/Audio/Transcript/0CR}
Summary:

Figure C.3: Prompt to generate summaries without plans.

Question Generation

Generate a coherent and contextually relevant question based on the provided
context and target sentence, ensuring that the target sentence can be treated as an
answer to the generated question.

Context: {Context Text}

Target: {Target Sentence}

Question Sentence:

Figure C.4: Prompt for question generation.

Prompt for PG model

Generate a list of questions for the provided {Video/Audio/Transcript...}.
Content: {Video/Audio/Transcript...}
Questions:

Figure C.5: Prompt for PG model.
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Prompt for SG model

Generate a summary for the following {Video/Audio/Transcript. ..} based
on the plan questions.

Content: {Video/Audio/Transcript...}.

Plan Questions: {Questions}

Ensure that the generated summary sequentially answers the plan questions.
Summary:

Figure C.6: Prompt for SG model.

Irrelevant Question Generation

Randomly generate a question with a question mark.
Question Sentence:

Figure C.7: Prompt used by GPT-01 to generate irrelevant questions.

Summary Readability Modification

Rewrite the following text to further adjust the style or detail.
Here is the text to be rewritten: {Text}

Refine the above text to be more {lay/expert} style.
Modified Text:

Figure C.8: Summary readability modification.

Summary Length Modification

Rewrite the following text to further adjust the style or detail.

Here is the text to be rewritten: {Text}

Shorten the above text by about {10% /30% / 60%}. Focus on the key points and
remove less critical details.

Modified Text:

Figure C.9: Summary length modification.

Plan Readability Modification

Rewrite the following questions to further adjust the style or detail.
Here are the questions to be rewritten:

1. {Q1}

2. {Q2}

Refine the above questions to be more {lay/expert} style.
Modified Questions:

Figure C.10: Plan readability modification.
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Prerequisites To participate in this evaluation, you must meet the following two criteria:
(1) be a Master’s or Ph.D. student in Computer Science or Computational Linguistics, and (2)
demonstrate English proficiency at C2 level or higher.” If you do not meet both criteria, we
kindly ask you to refrain from participating in this task. Eligible participants are encouraged to
follow the instructions below carefully.

Instructions The following section provides detailed descriptions of the evaluation metrics

and criteria used in this study. Please review the accompanying source video and the candidate

summaries thoroughly. After evaluating each summary, assign scores based on the five criteria
below, using a 1-to-5 Likert scale where higher scores indicate better quality:

+ Faithfulness: Assess the accuracy of the summary in representing the content of the source
video. A faithful summary should adhere closely to the source material, avoiding contradictions,
misinterpretations, or unverified information.

* Relevance: Measure how well the summary includes the topics and themes central to the source
video. A relevant summary should focus on the content that is most pertinent to the original
video.

+ Informativeness: Evaluate the extent to which the summary captures the main points and es-
sential details of the source video. An informative summary should provide a clear and com-
prehensive understanding of the video’s core ideas and findings.

* Conciseness: Determine the efficiency of the summary in conveying information. A concise
summary should avoid redundancy and extraneous details while retaining all critical information
from the source video.

* Coherence: Examine the logical flow and overall structure of the summary. A coherent sum-
mary should present information in an organized and easy-to-follow manner, ensuring that ideas
connect naturally and transitions between points are smooth.

Rating System For each metric, use the following Likert scale:
* 1 (Worst): Does not meet the criteria at all.

* 2 (Poor): Meets the criteria minimally.

+ 3 (Fair): Meets the criteria adequately.

* 4 (Good): Meets the criteria well.

* 5 (Best): Fully meets the criteria.

Overall Ranking  After assigning scores to each summary for the individual criteria, rank all
candidates from best to worst based on their overall quality. Consider the summaries’ performance
across all criteria when determining the final rankings.

“https://en.wikipedia.org/wiki/C2_Proficiency

Figure C.11: A snapshot of the experimental instructions provided to human evaluators.
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Source Video: {Source Video}

Candidate Summary: {Candidate Summary}

You are tasked with evaluating the quality of the candidate summary based on the provided source
video. Please adhere strictly to the following evaluation guidelines and scoring criteria to ensure
a consistent and objective evaluation.

Evaluation Guidelines: {Guidelines}

Instructions for Qutput:

* Provide your evaluation using the following format, outputting scores only.

* Assign a score from 1 to 5 for each dimension, with 1 being the lowest and 5 being the highest.

Output Format:

* Faithfulness: [Score]

* Relevance: [Score]

* Informativeness: [Score]
» Conciseness: [Score]

* Coherence: [Score]

If you encounter ambiguity in evaluating any dimension, prioritize adherence to the evaluation
guidelines and provide the most accurate score possible based on the provided information. Do
not include any additional comments or justifications in your response.

Figure C.12: Prompt for GPT-o1 to evaluate summary quality.
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D.1 Rule-based Extraction of Explanations

We develop a set of rules aimed at identifying words and phrases that indicate four types

of explanations, which are in turn based on RST relations:

* Background includes Background and Circumstance relations, signalled by words
such as “historically” and “traditionally.”

 Elaboration covers various Elaboration relations (e.g., Additional, General-Specific,
Part-Whole, Process-Step, Object-Attribute, and Set-Member), as well as Example and
Definition relations, signalled by words like “defined as” and “for example.”

» Explanation includes Evidence, Explanation-Argumentative, and Reason relations,
signalled by words such as “because” and “due to.”

» Comparison includes Comparison, Preference, Analogy, and Proportion relations,

signalled by words like “compared to” and “similarly.”

Table D.1 presents the words and phrases associated with each of these relations. To
identify these indicators within the text, we compile regular expression patterns tailored
to each category. Explanatory content is collected on a sentence-by-sentence basis: If a
signal word is detected within a sentence, that entire sentence is categorized accordingly.
In constructing these patterns, we use the caret symbol ~ before certain words to re-
strict their occurrence to sentence-initial positions. This method ensures that words like
“historically” or “similarly” are recognized only when they function as introductory el-

ements, which is common in explanations. Additionally, we utilize regular expressions
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such as differ(7|ed|ing) to capture different word forms. Once each explanatory

sentence is identified, we then select the preceding sentence as its target sentence.
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Category Signal Words and Phrases

Background ~historically, “traditionally, “previously, "in the past, “before, “ini-
tially, “once, "earlier, "in the beginning, "at first, “prior to, “originally,
~at the outset, “at the time, “long ago, “decades ago, “in former times,
~previously mentioned, "the history of, “the origin of, “in earlier times,
“rom the outset, “in the early days, “over the years, “long before, “cen-
turies ago, ~during the early stages, "at that time, “back then, “once
upon a time, “throughout history, “previously established, “over the

course of history, “in ancient times

Comparison compared to, compared with, "similarly, likewise, in contrast, in com-
parison, in opposition, “on the contrary, “on one hand, “on the other
hand, “conversely, rather than, different from, *unlike, similar to, anal-
ogous to, contrary to, in contradistinction, distinct from, distinguish-
able from, as opposed to, in the same way, by comparison, comparable
to, differ(7:sled|ing) from, diverg(e|es|ed|ing)? from, in a similar
manner, in the same vein, on the flip side, correspondingly, on a dif-
ferent note, in opposition to, different from, in a contrasting way, in an

analogous way

Elaboration defined as, refer(?:s|red|ring)? to, mean(?:s|t)?, known as, definition,
Ain other words, “that is to say, “that’s to say, “this is to say, “that
means, “this means, “this implies, “that implies, i.e., e.g., for example,
for instance, such as, “to clarify, ~to explain, whereas, “to illustrate, to
elaborate, “specifically, “particularly, in particular, as an example, by
way of example, more precisely, to be specific, “to exemplify, namely,
by way of illustration, expounded upon, in more detail, one example,

an example, "to add to this

Explanation because, due to, since, thanks to, owing to, for the sake of, stemming
from, given that, in light of, for this reason, for that reason, for the rea-
son that, for the purpose of, for this cause, the reason is, the reasons are,
as a result, consequently, as a consequence, accordingly, with the result
that, so that, such that, result(?:s|ed|ing)? in, , result(?:s|ed|ing)? from,
lead(?:sled|ing)? to, which means, thereby, whereby, in consequence

of, on account of, so as to, on the grounds that

Table D.1: Words and phrases used to heuristically identify discourse relations signaling expla-
nations.
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Question Generation Prompt

Generate a question that is coherent and contextually relevant to the provided
context and target sentence.

Context: {Context Text}

Target: {Target Sentence}

Question Sentence:

Figure D.1: Prompt used by GPT-40 and Mistral to generate plan questions based on target
sentences and their context.

D.2 Human Expert Evaluation Results

Our human evaluators identify six examples where they could not make a decision on
the accuracy and usefulness of explanations. Three are generated by GPT-40,g, two
by Mistralpp, and one by Blueprint,,r, covering fields such as Biology, Neuro-
science, and Materials Science. To further assess these cases, we enlist experts with
a Ph.D. degree in the relevant areas. Using the same guidelines, GPT-4o0 receives an
average rating of 2.33 for explanation accuracy and 2.67 for explanation usefulness.
For Mistralpp, the average rating is 3.50 for both accuracy and usefulness, while
Blueprint s receives a rating of 4.00 for accuracy and 2.00 for usefulness. These
expert evaluations align with the initial human assessment, reinforcing the consistency

of the findings across the highlighted explanations.

D.3 Model Prompts

Summary Generation Prompt

Generate a lay summary for the provided document.
Document: {Document Text}
Lay Summary:

Figure D.2: Prompt used by Mistral zg, GPT-40zg5 and Mistral py to generate summaries.

D.4 Human Evaluation Guidelines
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Summary Generation Prompt (ICL)

Document: {Document Text}

Lay Summary: {Summary Text}

Using the example above as a reference for structure and tone, generate a new lay
summary for the following document. Ensure the summary is original and does
not replicate phrases or content from the example.

Document: {Document Text}

Lay Summary:

Figure D.3: Prompt used by Mistral;c;, and GPT-40;¢, to generate summaries.

Named Entity Identification

Identify all named entities in the following text and return them as a list.
Document: {Document Text}

Return Format: [Entity 1, 2, 3]

List all identified entities in the order they appear in the text.

Identified Entities:

Figure D.4: Prompt used by GPT-4o to identify named entities for Blueprint model.

Plan-based Summary Generation Prompt

Generate a lay summary for the following document based on the plan questions.
Document: {Document Text}

Planning Questions: {Questions}

Ensure that the generated summary sequentially answers the plan questions.

Lay Summary:

Figure D.5: Prompt used by Plan-Input and Plan-Output models.



194

Direct Extraction of Explanatory Content

Parse the provided document to extract all explanatory sentences and the corre-
sponding target sentences they explain. Return the parsing results as a list of
dictionaries formatted as follows:

L
{
explanatory_sentence: 'XXX',
target_sentence: 'XXX'
s
{
explanatory_sentence: 'XXX',
target_sentence: 'XXX'
X
]

Ensure that each dictionary accurately pairs each explanatory statement with its
respective target sentence.
Document: {Document Text}

Figure D.6: Prompt used by GPT-40 and Mistral to directly extract explanatory content.

Irrelevant Question Generation

Randomly generate a question with a question mark.
Question Sentence:

Figure D.7: Prompt used by GPT-4o0 to generate irrelevant questions.
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Prerequisites Eligibility for this evaluation requires simultaneous fulfillment of two condi-
tions: (1) being a Master’s or Ph.D. student in Computer Science or Computational Linguistics,
and (2) demonstrating greater than or equal to C2 English proficiency”. If you do not meet both
criteria, we respectfully ask you to refrain from participating in this task. Those who qualify are
encouraged to proceed and follow the instructions below.
Instructions Below is a detailed explanation of the metrics and evaluation criteria for our
human evaluation process. Please carefully read the provided document along with the candidate
summaries. After thoroughly examining each summary, evaluate them based on the following six
criteria using a Likert scale from 1 to 5, with higher scores reflecting better quality:
 Faithfulness: This metric evaluates how accurately the summary reflects the information in the
source document. A faithful summary should strictly adhere to the source material, avoiding
any contradictions or unverified details.

* Relevance: This metric assesses how accurately the summary content reflects the topics covered
in the source text. A relevant summary should include topics that are pertinent to the source
document.

+ Informativeness: This metric measures how well the summary conveys the key points and
essential details from the source text. An informative summary should capture the main ideas,
providing a clear and precise understanding of the source document’s arguments and findings.

» Accessibility: This metric evaluates how easy the summary is to read and understand. An
accessible summary should be well-structured and written in clear language. It should avoid
unnecessary complexity and ensure that readers can follow the content without difficulty.

+ Explanation Accuracy: This metric measures how factually correct the explanatory content
is. Explanation accuracy requires that the information provided in the explanatory sentence is
verifiable and aligns with established knowledge in the relevant field, avoiding any misleading
or incorrect explanations.

+ Explanation Usefulness: This metric assesses how helpful the explanatory content is in en-
hancing the reader’s understanding of the subject matter. Explanation usefulness ensures that
the content contributes to the reader’s comprehension of complex ideas, offering valuable in-
sights and clarifications.

Please note that you are required to highlight all explanatory content found in the summary before
assigning evaluation scores. You are permitted to use external knowledge sources, such as books,
academic papers, and Wikipedia, but you are not allowed to use any Al tools to assist in your
judgment. If you encounter any specific explanatory content that you are unable to evaluate for
accuracy or usefulness, you should skip that content and mark it (meaning it will not factor into
your scoring, but you will still need to score based on the rest of the content). This will allow us
to bring in external experts (PhD holders in the relevant field) to assess it.

Rating System For each criterion, use the Likert scale as follows:
* 1 (Worst): Very poor quality, does not meet the criteria at all.

* 2 (Poor): Subpar quality, meets the criteria to a minimal extent.

3 (Fair): Average quality, adequately meets the criteria.

* 4 (Good): Above average quality, meets the criteria well.

* 5 (Best): Excellent quality, fully meets the criteria.

Overall Ranking After rating the summaries based on the six criteria, you are also expected
to rank the candidates from best to worst based on overall quality. Consider how well each sum-
mary performs across all criteria to determine the final ranking.

“https://en.wikipedia.org/wiki/C2_Proficiency

Figure D.8: A snapshot of the experimental instructions seen by our human raters.
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Appendix for Chapter VII

E.1 Details of Evaluation Metrics

For the Loong dataset. We report two evaluation metrics. The first is Exact Match
(EM), which is a strict measure of the percentage of model predictions that exactly match
the ground truth answers. It is a binary measure that assigns a score of one for a perfect
match and zero otherwise. The second metric is the LLM Score (Wang et al. 2024a),
ranging from 0 to 100. Following the protocol introduced by the dataset authors, we em-
ploy GPT-4-turbo-2024-04-09 as an automated evaluator to rate the overall quality
of generated responses. Unlike EM, which captures only factual correctness, the LLM
Score provides a holistic evaluation by jointly considering comprehensiveness, clarity,
and adherence to instructions, thereby offering a more integrated assessment across mul-

tiple dimensions of quality.

For the ASQA dataset. We adopt the standard evaluation suite. The first is Exact
Match (EM), defined as before. The second is ROUGE-L (Lin. 2004), an evaluation
metric based on the Longest Common Subsequence (LCS). It measures the n-gram over-
lap between prediction and reference by identifying the longest sequence of words that
occurs in both while preserving word order, thereby evaluating the coverage of key in-
formation. Given a predicted text ¢; and a reference text y;, let LC'S(y;, y;) denote the
length of their longest common subsequence. The ROUGE-L recall, precision, and F1

are defined as:

197
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where |y;| and |g;| are the lengths of the reference and predicted texts, respectively,
and [ is set to one by default to balance recall and precision. In our experiments, we
report ROUGE-L F1 (RL).

The third metric is the Disambiguation Recall (DR) Score (Stelmakh et al. 2022),
which is specifically designed for ASQA to evaluate whether a prediction covers all
possible disambiguated answers present in the reference set. While ROUGE-L cannot
distinguish between two fluent but semantically divergent answers, the DR score explic-
itly evaluates coverage across multiple reference answers. A higher DR score indicates
that the generated response captures a larger fraction of the possible interpretations of
an ambiguous question. Given multiple reference answers ), = {yfl), yl-(z), e ,yl-(ki)}

for a query and a generated answer ¥;, the instance-level DR score is defined as:

|3l

R; = mr Z ] (E4)

where 1[-] is an indicator function equal to one if the predicted answer includes the

)

content of a reference answer y,”’, and zero otherwise. The overall DR score across [NV

queries is defined as:
| N
i=1

For the SciNews dataset. We focus on summarization quality using four metrics. The
first is ROUGE-L, as defined above. The second is BERTScore (Zhang et al. 2020b),
which computes semantic similarity between prediction and reference using contex-
tual embeddings from a pre-trained BERT model. The third is SARI (Xu et al. 2016),
which assesses the quality of simplification by comparing system outputs against both

the source text and the reference texts. SARI explicitly measures the precision and recall
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of words that are added, deleted, and kept. For a source sentence s;, a prediction y;, and
a set of reference simplifications ; = {y.(l) ce ygki)}, SARI is defined as:

1 Y

1
SARI = (AddFl + Keepy, + DelFl) (E.6)

where Addr,, Keepp, , and Delp, denote the F1 scores for added, kept, and deleted
n-grams relative to both the source and the reference sets. The fourth metric is SummaC
(Laban et al. 2022), a model-based measure of factual consistency. SummaC can be
used to determine whether a generated summary is entailed by its source document and
detects unsupported or hallucinated content, which is essential for ensuring the reliability

of generated text.

E.2 Details of Baselines

Here we describe the baselines used for comparison:

» Standard RAG (Lewis et al. 2020b) We implement the standard retrieval-augmented
generation framework, where a retriever (Qwen3-Embedding-8B) retrieves relevant
documents and a generator (L1ama-3.1-8B, L1ama-3.3-70B or Qwen2.5-72B) pro-
duces the final answer conditioned on the retrieved context.

* GraphRAG (Edge et al. 2024) augments retrieval with a graph-based knowledge rep-
resentation by constructing a semantic knowledge graph from retrieved passages. It
leverages community detection to capture global structures and integrates graph con-
texts into generation, enabling more accurate and coherent reasoning across docu-
ments.

* RQ-RAG (Chan et al. 2024) refines queries through explicit rewriting, decomposition,
and disambiguation before retrieval. It trains LLMs end-to-end on a curated dataset
with search-augmented supervision, enabling dynamic query refinement and improv-
ing both single-hop and multi-hop QA by learning to search only when needed.

* FLARE (Jiang et al. 2023b) actively decides when and what to retrieve during gener-
ation by predicting upcoming sentences and using them as queries to fetch additional
documents whenever low-confidence tokens appear.

* Tree of Clarifications (Kim et al. 2023) addresses ambiguous questions by recur-
sively constructing a tree of disambiguated questions with retrieval-augmented few-

shot prompting, pruning unhelpful branches through self-verification, and generating
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a long-form answer that covers all valid interpretations.

* Open-RAG (Islam et al. 2024b) enhances retrieval-augmented reasoning with open-
source LLMs by transforming a dense model into a parameter-efficient sparse mixture-
of-experts, combining contrastive learning against distractors with hybrid adaptive re-
trieval.

* ConTReGen (Roy et al. 2024) employs a context-driven, tree-structured retrieval
framework for open-domain long-form text generation. It performs top-down planning
to recursively decompose a query into sub-questions for in-depth retrieval, followed
by bottom-up synthesis to integrate information from leaf nodes to the root.

* DualRAG (Cheng et al. 2025) introduces a dual-process framework for multi-hop
QA, consisting of Reasoning-augmented Querying (RaQ), which identifies knowledge
gaps and formulates targeted queries, and progressive Knowledge Aggregation (pKA),
which filters and structures retrieved information into a coherent knowledge outline.

* RAS (Jiang et al. 2026) interleaves iterative retrieval planning with dynamic construc-
tion of query-specific knowledge graphs. It converts retrieved text into factual triples,
incrementally builds a structured graph, and conditions generation on the evolving
graph.

* MAIN-RAG (Chang et al. 2025) is a training-free framework that employs three LLM
agents to collaboratively filter and rank retrieved documents. It introduces an adaptive
judge bar that dynamically adjusts relevance thresholds based on score distributions,
effectively reducing noisy retrievals while preserving relevant information.

* StructRAG (Lietal. 2025c¢) introduces hybrid information structurization for knowledge-
intensive reasoning. It employs a hybrid structure router to select the optimal structure
type (e.g., table, graph, catalogue), a scattered knowledge structurizer to transform raw
documents into structured knowledge, and a structured knowledge utilizer to decom-
pose complex questions and infer accurate answers based on the structured represen-

tation.

E.3 Prompts for Disco-RAG

Appendix Figure E.3, Figure E.4, Figure E.5 and Figure E.11 present the prompts used
in Disco-RAG.
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Relation Definitions for Intra-chunk RST Tree Construction

Relation Definitions:

- ELABORATION: Satellite provides additional detail or information about the
nucleus.

- EXPLANATION: Satellite explains or clarifies the nucleus content.

- EVIDENCE: Satellite provides evidence or proof for the nucleus claim.

- EXAMPLE: Satellite gives a specific example of the nucleus concept.

- CONTRAST: Satellite presents opposing or contrasting information.

- COMPARISON: Satellite compares two or more entities or concepts.

- CONCESSION: Satellite acknowledges opposing viewpoint while maintaining
main claim.

- ANTITHESIS: Satellite presents directly opposite or contradictory information.
- CAUSE: Satellite describes the cause of an event or situation.

- RESULT: Satellite describes the result or consequence of an action.

- CONSEQUENCE: Satellite shows the outcome following from the nucleus.

- PURPOSE: Satellite explains the intended goal or purpose.

- CONDITION: Satellite specifies conditions under which something holds.

- TEMPORAL: Satellite indicates temporal relationship between events.

- SEQUENCE: Satellite shows sequential order of events or actions.

- BACKGROUND: Satellite provides background context or setting.

- CIRCUMSTANCE: Satellite describes circumstances surrounding an event.

- SUMMARY: Satellite summarizes or generalizes the nucleus content.

- RESTATEMENT: Satellite restates the nucleus in different words.

- EVALUATION: Satellite provides evaluation or assessment of the nucleus.

- INTERPRETATION: Satellite offers interpretation of the nucleus content.

- ATTRIBUTION: Satellite attributes information to a source.

- DEFINITION: Satellite defines a term or concept.

- CLASSIFICATION: Satellite classifies or categorizes information.

Figure E.1: Relation definitions for intra-chunk RST tree construction.
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Relation Definitions for Inter-chunk Rhetorical Graph Construction

Relation Definitions:

- SUPPORTS: Chunk provides support or evidence for another chunk.

- CONTRADICTS: Chunk contradicts or opposes another chunk.

- ELABORATES: Chunk elaborates on information in another chunk.

- EXEMPLIFIES: Chunk provides examples for another chunk’s concepts.

- CAUSES: Chunk describes causes for events in another chunk.

- RESULTS_FROM: Chunk describes results from another chunk’s events.

- ENABLES: Chunk describes what enables another chunk’s situation.

- PREVENTS: Chunk describes what prevents another chunk’s situation.

- PRECEDES: Chunk describes events that precede another chunk.

- FOLLOWS: Chunk describes events that follow another chunk.

- SIMULTANEQUS: Chunk describes simultaneous events with another chunk.
- BACKGROUND_FOR: Chunk provides background context for another chunk.
- GENERALIZES: Chunk provides general principles for another chunk’s specifics.
- SPECIFIES: Chunk provides specific details for another chunk’s generaliza-
tions.

- COMPARES_WITH: Chunk compares information with another chunk.

- CONTRASTS_WITH: Chunk contrasts information with another chunk.

- SUPPLEMENTS: Chunk supplements information in another chunk.

- REPLACES: Chunk replaces or updates information in another chunk.

- MOTIVATES: Chunk provides motivation for another chunk’s content.

- JUSTIFIES: Chunk justifies claims or actions in another chunk.

- UNRELATED: Chunk has no meaningful rhetorical or semantic relation to another
chunk.

Figure E.2: Relation definitions for inter-chunk rhetorical graph construction.
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E.4 Human Evaluation Guidelines
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Prompt for Intra-chunk RST Tree Construction

You are an expert in Rhetorical Structure Theory (RST) analysis. Your task is to
analyze the given text and construct a precise RST tree.

Critical instructions:

1. RST tree is a hierarchical tree structure (not a graph or network).

2. Each internal node has exactly two children: one nucleus (core) and one satel-
lite (support) or two nuclei at the same time.

3. The nucleus contains the main information; the satellite provides supporting
content.

4. Relations describe how the satellite relates to the nucleus.

5. Think carefully and output ONLY ONE complete RST tree.

Allowed RST relations:

ELABORATION, EXPLANATION, EVIDENCE, EXAMPLE, CONTRAST,
COMPARISON, CONCESSION, ANTITHESIS, CAUSE, RESULT, CON-
SEQUENCE, PURPOSE, CONDITION, TEMPORAL, SEQUENCE, BACK-
GROUND, CIRCUMSTANCE, SUMMARY, RESTATEMENT, EVALUA-
TION, INTERPRETATION, ATTRIBUTION, DEFINITION, CLASSIFICA-
TION

Relation definitions:

{Relation Definition}

Step-by-step process:

1. Segment text into meaningful elementary discourse units (EDUs).

2. Determine the most important EDU (this becomes the root nucleus).

3. For each other EDU, decide: Is it a nucleus (core) or a satellite (support)?

4. Assign one relation from the allowed list.

5. Build the binary tree bottom-up.

Required output format:

EDUs:

[1] <first EDU>

2] <second EDU>

[N] <Nth EDU>

RST ANALYSIS:

RELATION(EDU;,, EDUj): {RELATION TYPE}

TREE STRUCTURE:

ROOT[1-N]
| -—— NUCLEUS[X] <EDU text> (N)
| --- SATELLITE[Y] <EDU text> (S): {RELATION TYPE}

Validation rules:

- Each EDU must be complete and meaningful.

- Relations must be chosen from the allowed list.
- Mark (N) for nucleus, (S) for satellite.

TEXT TO ANALYZE: {chunk;}

Figure E.3: Prompt for intra-chunk RST tree construction. The relation definitions are provided
in Figure E.1.
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Prompt for Listwise Discourse Relation Inference

You are an expert in discourse analysis. Your task is to infer the rhetorical relations
jointly among a list of retrieved text chunks. In each call to this prompt, you are
given the entire set of chunks, and you must construct a directed rhetorical graph
over all of them.

Task objective:

Given a list of chunks CHUNK [1], CHUNK [2], ..., CHUNK [K], determine for every
ordered pair of distinct chunks whether there exists a meaningful rhetorical rela-
tion from the source chunk CHUNK [i] to the target chunk CHUNK [j]. If a relation
exists, assign a directed discourse label; otherwise, mark the pair as UNRELATED.
Relation direction:

For each ordered pair (i,7) with ¢ # j, treat CHUNK[i] as the source and
CHUNK [j] as the target. The relation type should reflect how the source chunk
contributes rhetorically to the target.

Allowed relation types:

SUPPORTS, CONTRADICTS, ELABORATES, EXEMPLIFIES, CAUSES,
RESULTS FROM, ENABLES, PREVENTS, PRECEDES, FOLLOWS, SI-
MULTANEOUS, BACKGROUND FOR, GENERALIZES, SPECIFIES, COM-
PARES WITH, CONTRASTS WITH, SUPPLEMENTS, REPLACES, MOTI-
VATES, JUSTIFIES, UNRELATED

Relation definitions:

{Relation Definition}

Step-by-step process:

1. Carefully read all chunks in the list and identify the main claim, fact, or event
expressed in each one.

2. Reason about how each chunk relates to the others at the discourse level, taking
into account global context across all chunks.

3. For every ordered pair of distinct indices (7, ), decide whether CHUNK [i]
serves a discourse function relative to CHUNK [j].

4. If a rhetorical link exists, assign exactly one relation type from the allowed list.
Required output format:

For each ordered pair (i, j) with ¢ # j, output one line in the following format:
CHUNK[i] -> CHUNK([j]: {RELATION_TYPE}

List all such lines for all ordered pairs in a consistent order (e.g., sorted by ¢ then
J)-

Validation rules:

- Use only the allowed relation types.

- Relation direction must be from CHUNK [i] to CHUNK[j].

- Output exactly one relation type for every ordered pair with ¢ # j.

TEXT TO ANALYZE:

CHUNK [1]: [first chunk]

CHUNK [2]: [second chunk]

CHUNK [K]: [K-th chunk]

Figure E.4: Prompt for listwise discourse relation inference. The relation definitions are pro-
vided in Figure E.2.
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Prompt for Discourse-Driven Planning

You are an expert in discourse-aware text generation. Your task is to produce a
discourse-aware plan — a natural language paragraph that outlines how the final
answer should be organized.

Inputs:

1. The user query.

2. Retrieved text chunks.

3. Intra-chunk RST trees, capturing local rhetorical hierarchies.

4. Inter-chunk rhetorical graph, modeling cross-passage discourse flow.

Critical instructions:

1. The plan must be written as a continuous paragraph in natural language.

2. The plan should describe the intended organization of the final answer.

3. The plan must be dynamically adapted to the given user query and evidence.
4. Avoid reproducing the content of the chunks; only outline how they will be
used.

5. Output exactly one complete rhetorical plan.

Required output format:

PLAN: <one paragraph in natural language that describes the planned organization
of the answer>

TEXT TO ANALYZE: {query, chunks, RST trees, rhetorical graph}

Figure E.5: Prompt for discourse-driven planning.

Prompt for Full Context Generation

You are an expert in question answering and text generation. Your task is to an-
swer the user query using the provided full document as context.

Inputs:

1. The user query.

2. The full document.

Critical instructions:

1. The answer must directly address the user’s query.

2. Use the full document as the only source of factual claims.

3. If the document does not support a claim, do not add it.

4. Write a coherent answer without copying long spans verbatim from the docu-
ment.

Required output format:

ANSWER <one paragraph or multiple paragraphs in natural language >

TEXT TO ANALYZE {query, document}

Figure E.6: Prompt for full context generation used in our baseline.



207

Prompt for Standard RAG

You are an expert in retrieval-augmented generation. Your task is to answer the
user query using only the retrieved text chunks as evidence.

Inputs:

1. The user query.

2. Retrieved text chunks.

Critical instructions:

1. The answer must directly address the user’s query.

2. Use the retrieved chunks as the only source of factual claims.

3. If the retrieved chunks do not support a claim, do not add it.

4. Write a coherent answer without copying long spans verbatim from the chunks.
Required output format:

ANSWER <one paragraph or multiple paragraphs in natural language>

TEXT TO ANALYZE {query, chunks}

Figure E.7: Prompt for standard RAG used in our baseline.

Prompt for Retrieve-and-Plan Baseline

You are an expert in retrieval-augmented generation. Your task is to answer the
user query by first writing a short plan and then writing the final answer using
only the retrieved text chunks as evidence.

Inputs:

1. The user query.

2. Retrieved text chunks.

Critical instructions:

1. Write the plan as a single continuous paragraph that outlines the structure of
the answer.

2. The plan must be grounded in what is supported by the retrieved chunks.

3. The answer must directly address the user query and use the retrieved chunks
as the only source of factual claims.

4. If the retrieved chunks do not support a claim, do not add it.

5. Write a coherent answer without copying long spans verbatim from the chunks.
Required output format:

PLAN <one paragraph plan>

ANSWER <one paragraph or multiple paragraphs in natural language >

TEXT TO ANALYZE {query, chunks}

Figure E.8: Prompt for the retrieve-and-plan baseline used in our ablation study.



208

Prompt for Plan-and-Retrieve Baseline

You are an expert in retrieval-augmented generation. Your task is to support a
plan-guided retrieval procedure and then answer the user query.

Stage 1

Given only the user query, write a short plan and a retrieval hint that summarizes
what evidence should be retrieved.

Stage 2

After retrieving all text chunks using the retrieval hint, write the final answer using
only the retrieved text chunks as evidence.

Inputs:

1. The user query.

2. Retrieved text chunks returned after plan-guided retrieval.

Critical instructions:

1. Write the plan as a single continuous paragraph that outlines the structure of
the answer.

2. The retrieval hint must be a list of retrieval queries that help retrieve evidence
aligned with the plan.

3. The answer must directly address the user query and use the retrieved chunks
as the only source of factual claims.

4. If the retrieved chunks do not support a claim, do not add it.

5. Write a coherent answer without copying long spans verbatim from the chunks.
Required output format:

PLAN <one paragraph plan>

RETRIEVAL HINT <a list of retrieval queries>

ANSWER <one paragraph or multiple paragraphs in natural language>

TEXT TO ANALYZE {query, chunks}

Figure E.9: Prompt for the plan-and-retrieve baseline used in our ablation study.
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Prompt for Shallow Discourse Marker Inference

You are an expert in discourse analysis. Your task is to infer explicit discourse
markers jointly among a list of retrieved text chunks. In each call to this prompt,
you are given the entire set of chunks, and you must output a marker decision for
every ordered pair of distinct chunks.

Task objective:

Given a list of chunks CHUNK[1], CHUNK[2], ..., CHUNK[K], determine for
every ordered pair (i,7) with ¢ # j whether there exists an explicit discourse
marker from a marker list that indicates a meaningful rhetorical connection from
CHUNK [i] to CHUNK[j]. If no marker is supported, output NONE.

Discourse marker list:

however, but, although, in contrast, therefore, because, as a result, meanwhile,
moreover, furthermore, for example, for instance, in addition

Critical instructions:

1. For each ordered pair (i,7) with ¢ # j, treat CHUNK[i] as the source and
CHUNK [j] as the target.

2. Consider only explicit connectives that are supported by the two chunks. Do
not infer implicit relations.

3. Output exactly one marker from the marker list if a marker is applicable;
otherwise, output NONE.

4. Output a decision for every ordered pair with ¢ # j.

Required output format:

For each ordered pair (i, j) with ¢ # j, output one line in the following format:
CHUNK [i] -> CHUNK([j]: {MARKER}

TEXT TO ANALYZE:

CHUNK [1]: [first chunk]

CHUNK [2]: [second chunk]

CHUNK [K]: [K-th chunk]

Figure E.10: Prompt for discourse marker inference used in the shallow discourse marker base-
line.
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Prompt for Discourse-Guided RAG

You are an expert in retrieval-augmented generation with discourse knowledge.
Your task is to generate a coherent and faithful answer by leveraging the
following inputs:

Inputs:

1. The user query.

2. Retrieved text chunks.

3. Intra-chunk RST trees, capturing local rhetorical hierarchies.

4. Inter-chunk rhetorical graph, modeling cross-passage discourse flow.

5. A discourse-aware plan that outlines the intended argumentative organization.
Critical instructions:

1. The answer must directly address the user’s query.

2. Integrate evidence from multiple chunks, guided by their RST trees and
rhetorical graph.

3. Follow the discourse-aware plan for structuring the answer.

4. Maintain factual accuracy, logical coherence, and rhetorical clarity.

5. Output a continuous answer in natural language.

Required output format:

ANSWER: <a single coherent paragraph or multi-paragraph answer grounded in
discourse structures>

Validation requirements:

- The answer must be faithful to the retrieved content.

- The answer must be logically organized and reflect discourse-level coherence.
- Avoid verbatim repetition of chunks; instead, synthesize and integrate them.

- Output exactly one complete answer.

TEXT TO ANALYZE: {query, chunks, RST trees, rhetorical graph, discourse-aware

plan}

Figure E.11: Prompt for discourse-guided RAG.
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Human Evaluation Guidelines

Prerequisites: Eligibility for this evaluation requires simultaneous fulfillment
of two conditions: being a Master’s or Ph.D. student in Computer Science or a
closely related field, and demonstrating advanced proficiency in English sufficient
to read and assess scientific news articles. Participants are compensated at the
standard hourly rate and are asked to confirm that they meet these criteria before
taking part in the task.

Instructions: For each selected sample, annotators are given the source doc-

ument together with four anonymized summaries, and the system identities are

hidden, and the order is randomized for every instance. Raters are instructed to
first read the source document carefully and then evaluate each summary indepen-
dently using a three-point Likert scale along four criteria: Relevance, Simplicity,

Conciseness, and Faithfulness.

Evaluation Criteria: Below, we provide a detailed explanation of the four cri-

teria used in our human evaluation. Raters are asked to consider each criterion

separately and to base their scores only on the information that is explicitly sup-
ported by the source document.

* Relevance This criterion assesses how well the summary covers the main top-
ics, events, and findings discussed in the source document. A highly relevant
summary focuses on central points and avoids spending space on marginal or
tangential details.

 Simplicity This criterion measures how easy the summary is to read and under-
stand. A simple summary uses clear and precise language, maintains a coherent
structure, and avoids unnecessary jargon or convoluted phrasing that could hin-
der comprehension.

* Conciseness This criterion evaluates whether the summary is compact while
still conveying the essential content. A concise summary avoids repetition and
digression, omits minor details that are not needed for understanding, and does
not exceed the length required to communicate the core message.

+ Faithfulness This criterion judges whether the summary is supported by the
source document and free of hallucinations. A faithful summary does not in-
troduce claims that contradict the source, does not exaggerate or overgeneralize
findings, and does not omit critical qualifications that change the meaning of the
original text.

Rating System: For each criterion, raters assign an integer score from 1 to 3,
where | indicates low quality, 2 indicates acceptable quality, and 3 indicates high
quality. Scores should be given solely based on the source document and the sum-
mary, without using Al tools to assist in judgment. Annotators may consult trusted
external resources, such as textbooks or scientific encyclopedias, only when they
need to clarify terminology.

Figure E.12: Guidelines presented to human raters for the SciNews dataset evaluation.
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