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Abstract
Query-based summarization of long documents is often tackled with retrieval-augmented generation (RAG). However,
conventional RAG models exhibit limitations when applied to narrative texts, where crucial evidence is often implicit
and distributed. This exposes a distinct class of “discourse-aware” queries that require specialized, structure-aware
models. To address this, we introduce DiscoRAG, a framework that leverages Rhetorical Structure Theory (RST). By
modeling the document as a discourse tree, DiscoRAG navigates its structure, explicitly using rhetorical relations to
focus on and aggregate evidence from globally related segments. Furthermore, our pipeline integrates a classifier
that assesses query complexity to dynamically select the most efficient retrieval strategy. We evaluate our DiscoRAG
against standard and extended-context RAG pipelines on the SQUALITY dataset, which we release augmented with
questions requiring deep discourse reasoning and integration of the global narrative. Our results demonstrate that
this method sizeably outperforms these baselines, demonstrating its superior ability to assemble a coherent, con-
textually rich evidence base by interpreting the global narrative structure rather than relying on local semantic similarity.

Keywords: RAG, RST, discourse analysis
1. Introduction

The challenge of extracting precise, query-relevant
knowledge from long documents, such as scientific
literature, legal contracts, or corporate reports, has
established Query-Based Summarization (QBS)
as a critical research area. The dominant ap-
proach, Retrieval-Augmented Generation (RAG),
addresses this by first retrieving relevant passages
and then synthesizing an answer (Lewis et al.,
2020). This paradigm has recently been enhanced
by agent-based frameworks that dynamically in-
teract with documents through multi-step tool use,
promising more sophisticated reasoning (Schick
et al., 2023; Singh et al., 2025; Huang et al., 2025;
Qu et al., 2025). Despite their advancements, these
systems are fundamentally constrained by a “flat”
view of text. Their retrieval and reasoning tools op-
erate at the level of lexical or shallow semantic sim-
ilarity, processing documents as an unstructured
collection of passages.

This structural blindness renders them ineffective
for complex queries that require reasoning over the
document’s rhetorical organization. For instance,
an agent might fail to connect an anaphoric refer-
ence like “this theory” to its definition sections away,
or miss contrastive relations critical for queries
about conflicting viewpoints. As illustrated con-
ceptually in Figure 1, a standard RAG model may
retrieve a surface-level fact but completely miss its
underlying cause, as there is no explicit structural
link to follow.

Narrative QA represents a particularly challeng-
ing form of long-context reasoning, as answering

{ Query: What are the reasons for Gurn's exile? J

Vanilla RAG DiscoRAG
t--> _.[Gurn exile]... L3> _[Gum exile]..
| ...[other]... | | ...[other]... | Cause

;
% ...[exile]... ‘

Context:

...[Gurn traitor]...

| ...[other]... |

Context:

Gurn exile...traitor...
(Deep & Specific)

Gurn exile...
(Surface-level)

Figure 1: Comparison of retrieval strategies. (a)
Standard (Vanilla) RAG retrieves a lexically relevant
but incomplete fragment. (b) DiscoRAG navigates
from an initial node, following a “Cause” relation to
uncover the underlying reason.

a query often requires integrating information dis-
tributed across distant parts of a story. Linguistic
analysis, particularly discourse structure, offers a
powerful paradigm to overcome these challenges.
Recent work has therefore explored incorporating
structural signals into retrieval pipelines. For ex-
ample, ChronoRAG organizes retrieved passages
according to their temporal order, demonstrating
that maintaining chronological coherence improves
performance on narrative QA benchmarks(Aguilar,
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2025). Similarly, Laitenberger et al. (2025) show
that even a simple retrieval strategy that preserves
the original document order of retrieved passages
(DOS-RAG) can outperform more complex multi-
stage pipelines on long-context QA datasets, in-
cluding NarrativeQA. By representing a document’s
logical flow as a tree of rhetorical relations, we can
equip an agent with the tools for more sophisticated
navigation. While discourse-aware methods have
improved related tasks like QA (Nair et al., 2023; Du
et al., 2023) and text understanding (Chernyavskiy
et al., 2024a), this approach remains critically un-
derexplored in agentic summarization systems.
Our Contribution. We bridge this gap by introduc-
ing a novel agent framework with a linguistically
structured environment. Our key innovation is an
environment state explicitly modeled as a discourse
tree, enabling three fundamental capabilities:

» Dynamic Context Focus: The agent nav-
igates discourse trees to zoom into rele-
vant subtrees (e.g., focusing specifically on
evidence-bearing segments for “supporting ar-
guments” queries).

* Relation-Aware Reasoning: The agent lever-
ages explicit rhetorical relations (e.g., Contrast,
Elaboration) to address complex, non-factoid
queries. We show that this leads to superior
end-to-end answer quality where methods re-
liant on lexical similarity fail.

» Discourse-Aware Problem Space: Estab-
lishing that “discourse-aware” queries form a
distinct, identifiable class that justifies special-
ized, structure-aware models

To our knowledge, this is the first integration of
discourse structure as a core agent environment for
summarization. Our comprehensive empirical vali-
dation shows this approach leads to higher-quality
context and superior end-to-end performance.

2. Related Work

2.1,

Rhetorical Structure Theory (RST), introduced by
Mann and Thompson (Mann et al., 1989), provides
a framework for analyzing the functional organiza-
tion of texts. Central to RST is the representation
of documents as hierarchical tree structures con-
structed through recursive composition.

The discourse tree construction process involves
two fundamental stages. It starts with segmenting
the text into elementary discourse units (EDUs),
which are minimal coherent propositions that func-
tion as the leaf nodes of the discourse tree. These
units are then connected by rhetorical relations,
classified as either mononuclear or multinuclear.

Preliminaries: RST

———> Elaboration 7\
ﬁ Contrast 7\\

The forest had two

distinct personalities.
In the sunlight, it but in the shadows, it
was a welcoming held a deep and quiet
paradise, mystery.

Figure 2: Discourse tree example. Arrows are
drawn from nuclei to satellite nodes.

A mononuclear relation links a core Nucleus to a
subordinate Satellite (e.g., Evidence), while a mult-
inuclear relation connects multiple nuclei of equal
importance (e.g., Contrast).

Figure 2 illustrates this structure using a scien-
tific abstract drawn from our dataset. The initial
statement, “The forest had two distinct personali-
ties,” serves as the Nucleus or the main idea. This
claim is then illustrated by a Satellite whose internal
structure forms a Contrast relation, supporting the
overall thesis.

2.2. Linguistic Approaches for
Long-Document Understanding

Linguistically-informed methods have demon-
strated significant value in query-based summa-
rization and long-document QA. Among them, dis-
course structure analysis, particularly Rhetorical
Structure Theory (RST), has proven essential for
modeling information salience and coherence in
extended texts and dialogues (Chernyavskiy et al.,
2024b). Xu et al. (2020) integrated discourse trees
into extractive summarization, showing 3-5 point
ROUGE improvements on scientific papers by lever-
aging rhetorical relations. For QA, Chen et al.
(2025) demonstrated that discourse-aware pas-
sage selection improves answer precision for long
documents.

Recent benchmarks like ZeroSCROLLS (Sha-
ham et al., 2023) explicitly highlight limitations of
current systems on discourse-sensitive tasks such
as SQUALITY (Wang et al., 2022a), where mod-
els struggle with query-dependent synthesis of dis-
tributed arguments.

2.3. Evolution of Agentic RAG Systems

Retrieval-Augmented Generation (RAG) architec-
tures have evolved through four distinct phases:

1. Vanilla RAG: Static retrieval from fixed corpora
followed by generation (Lewis et al., 2020);

2. Modular RAG: Decomposing the retrieval and
generation pipeline into independent, reusable
components, enabling domain-specific opti-
mization and task adaptability (Gao et al.,
2023);
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3. Advanced RAG: Graph-based retrieval and RL
for context selection (Peng et al., 2024);

4. Agentic RAG: Systems with dynamic planning,
tool invocation, and stateful reasoning (Singh
et al., 2025).

Deep Research agents (Huang et al., 2025) rep-
resent the state-of-the-art in agentic RAG, char-
acterized by multi-iteration tool use (web search,
APls, calculators) and dynamic task decomposition
via frameworks such as ReAct (Yao et al., 2023).

However, these agents fundamentally rely on
lexical or semantic similarity for text processing
tools (chunking, keyword search), lacking mecha-
nisms to leverage discourse structure or rhetorical
relations, a critical limitation for queries requiring
understanding of argument flow.

Recent research has explored hybrid RAG sys-
tems that dynamically route queries between sim-
ple and complex processing pipelines based on
estimated difficulty. Zhang et al. (2025) describe
methods to assign tasks across different models
depending on query characteristics. Similarly, Ding
et al. (2025) propose the BEST-Route framework,
which adaptively routes queries based on their es-
timated complexity, enabling optimal allocation of
computational resources while maintaining answer
quality. We adopt a similar hybrid approach by
activating our discourse-aware agent only when
linguistic complexity warrants it. Our routing clas-
sifier considers discourse-specific features: dis-
course relation density (queries referencing more
than two rhetorical relations), cross-sectional de-
pendencies, and so forth. Simple factoid queries
(e.g., “What year was the experiment conducted?”)
bypass agent processing entirely.

This hybrid design directly addresses a critical
research gap: while agentic systems excel at tool
orchestration and reasoning over retrieved content,
they still process text as isolated segments, lacking
awareness of its rhetorical structure and limiting
their ability to perform nuanced content selection in
long-document QBS tasks. Given the solid founda-
tions of linguistic approaches, integrating discourse
representations as a core reasoning framework
constitutes a promising yet underexplored direc-
tion toward achieving coherent understanding of
long documents.

3. DiscoRAG

3.1.

Our hybrid query processing pipeline is illustrated
in Figure 3. The system is designed to flexibly
handle a wide range of user queries by dynamically
selecting the most appropriate processing strategy
based on the linguistic complexity of the input.

Processing Pipeline

The pipeline begins with a classifier that receives
the user’s query and evaluates its discourse com-
plexity using a RoBERTa-based model. This initial
assessment determines whether the query requires
advanced discourse-aware reasoning or can be
addressed with a more straightforward retrieval ap-
proach.

If the classifier determines that the query is sim-
ple and does not require discourse-level analysis,
it is routed directly to the Base RAG module. Here,
the system performs standard passage retrieval
from the document collection, followed by answer
generation. This path ensures efficient process-
ing for routine queries, minimizing computational
overhead while maintaining high-quality responses.

For queries identified as complex, those that ex-
hibit discourse phenomena or require integrating
information across multiple parts of the document,
the pipeline activates a more advanced processing
branch. In this case, the query is passed to the Dis-
coRAG Agent, which operates within a discourse-
based environment. The agent is equipped to navi-
gate the document’s discourse structure, leverag-
ing specialized tools and memory components to
access and organize relevant information. The
agent’s actions are guided by the current state
within the discourse tree, allowing it to move be-
tween different relations and nodes as needed.

Throughout the process, a memory block is
available to store and retrieve intermediate results.
Once the necessary information has been collected,
either through the Base RAG module or through the
agent’s discourse-aware exploration, the pipeline
moves to the summary generator. This component
synthesizes the retrieved content into a coherent,
query-focused summary that is then returned to the
user.

By combining a fast, direct retrieval path for sim-
ple queries with a more sophisticated, discourse-
aware approach for complex cases, our system
achieves both efficiency and depth.

3.2. Discourse Environment
Construction

Environment construction produces a navigable
discourse structure that serves as the foundation
for agent-based reasoning. The process consists
of the following steps:

1. Pre-processing: Clean the document by re-
moving HTML tags and irrelevant formatting.

2. Segmentation: Divide the text into Elementary
Discourse Units (EDUs), which represent the
minimal building blocks of discourse.

3. Aggregation: Group EDUs into paragraphs to
preserve the local context.
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Figure 3: Overview of the DiscoRAG query processing pipeline. Queries are first assessed for linguistic
complexity by a RoBERTa-based classifier. Simple queries are routed to a basic RAG module, while

complex queries activate a discourse-aware agent.

4. Tree Construction: Build an RST-based tree
where the nodes are connected by rhetorical
relations.

Node Representation: Each node in the tree is

represented as a structured object containing:

* id: A unique identifier for the node

» content: The text span associated with the node
(typically 2-5 sentences)

 path: The discourse path to the root, represented
as a sequence of tuples (Nuclearity, Relation,
ParentID)

* relations: Incoming and outgoing edges (in the
form of Relation and TargetID), capturing the
node’s rhetorical connections

* metadata: Additional information such as charac-
ter span and structural position within the docu-
ment (e.g. path by HTML headers)

3.3. Agent Toolset

To enable effective discourse navigation and con-
tent synthesis, our agent is equipped with a suite
of specialized tools, grouped into three main cate-
gories (see Table 1):

» Navigation Tools: Allow the agent to traverse
the discourse structure, move between nodes,
and explore relations within the discourse tree.

« Content Tools: Provide mechanisms for
extracting relevant information from specific
nodes or subtrees, including semantic search
retrieval.

* Memory Tools: Support the accumulation
and organization of evidence by enabling the
agent to store and reference information gath-
ered during execution.

Table 1 summarizes the available tools and their
core functionalities. Navigation tools such as Move,
RelationsFrom, and Ancestors facilitate flexible ex-
ploration of the discourse environment. Content

tools like Retrieve and Text enable targeted in-
formation extraction, while memory tools such as
Write allow the agent to record and manage ev-
idence throughout the reasoning process. This
modular toolset empowers the agent to adapt its
strategy dynamically, efficiently gathering and syn-
thesizing information to address complex queries.

Tool Functionality

Move (id) Focus on specific node

RelationsFrom(id) Nodes accessible via out-
going relations

RelationsTo(id) Nodes with incoming rela-
tions to current

Ancestors(id) Path to root (as path field)

Retrieve(query) Semantic search in cur-
rent subtree

Text(id) Get full text of subtree

Write(text]|ids) Store evidence (text or

node references)

Table 1: Discourse navigation and content tools

3.4. Execution Workflow

Building on the toolset described above, the agent
operates through iterative ReAct (Reason + Act)
cycles to process complex queries within the dis-
course environment. Each cycle consists of the
following stages:

1. Reason: The agent examines the current
state of the discourse environment and its ac-
cumulated memory. It identifies which parts
of the discourse structure are most relevant to
the query and determines what information is
still missing.

2. Act: Based on its reasoning, the agent selects
an appropriate tool from its toolkit and specifies
the necessary parameters (e.g., node identi-
fiers or search queries).

2065



3. Observe: The agent receives and interprets
the output produced by the selected tool. This
may include new textual evidence, a list of
related nodes, or updated context within the
discourse tree.

4. Update: The agent integrates the newly ac-
quired information into its memory, updating
its internal representation of the environment
and tracking progress toward answering the

query.

This cycle is repeated as needed, allowing the
agent to iteratively explore the discourse structure,
gather supporting evidence, and refine its under-
standing of the information landscape. The detailed
agent trajectory example is presented in Appendix
A, while the full agent prompt is provided in Ap-
pendix B. Once sufficient evidence has been col-
lected, a final generation step synthesizes the accu-
mulated information into a coherent, query-focused
response.

4. Dataset

This paper addresses narrative QA summariza-
tion, a challenging task requiring the synthesis of
evidence dispersed throughout long stories with
complex structures (Sang et al., 2022; Zhu et al.,
2023). RAG is particularly beneficial in this set-
ting by grounding generation in retrieved narrative
segments. Recent advancements, such as Graph
RAG (Edge et al., 2024), extend this capability by
modeling global textual organization, highlighting
the promise of structure-aware approaches for im-
proving narrative understanding.

To evaluate our hypothesis that a RAG approach
enriched with discourse analysis improves narra-
tive QA, we adapted the SQUALITY dataset (Wang
et al., 2022b). While suitable for long-context sum-
marization, its original questions are predominantly
fact-based, offering limited coverage of queries that
require deep narrative understanding. To address
this, we enriched the dataset with new question
categories designed to probe more complex rea-
soning.

For each text from the SQUALITY dataset, fol-
lowing question categories were generated: plot-
specific, thematic analytical, worldbuilding con-
textual analysis, hidden connections and subtle
clues, cause-effect, and character interpretation
(Table2). Most existing datasets focus primarily on
event-centric assessments, while tasks involving
other narrative elements remain relatively underex-
plored (Sang et al., 2022). To ensure comprehen-
sive coverage, we designed the categories based
on a two-dimensional schema. The first dimension
specifies the target narrative element (e.g., event,
character, setting, or functional structure), while the

second defines the scope of reasoning (from local
to global).

Question generation for the predefined cate-
gories was carried out using the GPT-40-mini API,
followed by additional manual filtering. Common
issues in the generated questions included over-
lap across categories, subjective or opinion-based
formulations, omission of character names, and
substitution with generic terms like “character”. In
total, 111 additional questions were generated for
6 categories.

To facilitate reproducibility and support future re-
search on structure-aware reasoning, we release
the DiscoRAG-SQUALITY benchmark publicly on
Hugging Face." The benchmark includes 52 long-
context documents, each enriched with the follow-
ing pre-computed features:

» RST Parse Trees: The full Rhetorical Structure
Theory trees in bracketed format, generated
using a state-of-the-art discourse parser.

Flattened Discourse Units: A representation
of the discourse tree tailored for retrieval
pipelines. Each unit maps a text span to its
nuclearity (Nucleus/Satellite) and rhetorical re-
lation, enabling structure-aware querying.

Synthetic Questions: The set of 111 generated
questions categorised by reasoning type (e.g.,
“Hidden Connections”), designed to probe the
model’s ability to aggregate information across
distant segments.

Original SQUALITY Data: The baseline ques-
tions and reference answers from the SQUAL-
ITY benchmark, included for backward com-
patibility.

By open-sourcing these resources, we aim
to lower the computational barrier for discourse-
based experimentation and provide a standardized
testbed for narrative understanding models.

5. Experiments

To evaluate our framework, we design experiments
to answer the following research questions (RQs):

* RQ1: Does the DiscoRAG agent retrieve a
more relevant and complete context for query-
focused summarization compared to base-
lines?

« RQ2: Does this improved context retrieval lead
to higher-quality final answers, particularly for
queries requiring discourse-level understand-
ing?

Thttps://huggingface.co/datasets/
alexchern5757/discorag-squality
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Question Type

Description

Plot Specific
Thematic Analytical

Worldbuilding / Con-
textual Analysis
Hidden  Connec-
tions / Subtle Clues
Character Interpre-
tation

Cause—Effect

Questions focusing on specific events, plot developments, and their logical
sequences.

Questions exploring deeper themes, symbolism, character dynamics, and the
author’s underlying messages.

Questions examining the setting, political and societal structures, and their impact
on the story.

Questions requiring identification of indirect references, foreshadowing, or pat-
terns within the text.

Questions focusing on interpreting characters’ motivations, emotions, and devel-
opment, requiring an understanding of their implicit intentions and relationships
within the narrative.

Questions analyzing how different story elements influence each other and
requiring an understanding of both explicit and implicit causal relationships.

* RQ3: Are discourse-sensitive queries a dis-

Table 2: Question types

Context Aggregation. To ensure a fair compari-

tinct and identifiable class, justifying the need
for specialized frameworks like ours?

5.1.
5.1.1.

Experimental Setup
Models and Baselines

We compare DiscoRAG against two competitive
baselines:

Vanilla RAG A standard Retrieval-Augmented
Generation pipeline performs dense retrieval over
a flat (unstructured) list of text chunks, where each
chunk corresponds to a node from the discourse
tree.

ExpansionRAG A stronger baseline designed to
test if simply increasing context size is sufficient. It
first retrieves the top-M relevant chunks (nodes)
and then expands the context by including n neigh-
boring nodes for each retrieved chunk in the original
document order. This baseline mimics providing
more local context without being aware of the dis-
course structure.

5.1.2. Implementation Details

Core Architecture. DiscoRAG is implemented
as described in Section 3. We found in preliminary
experiments that initializing the agent at the dis-
course tree’s root was suboptimal, as it tended to
focus on only a few major branches. We therefore
employ a more robust two-stage approach:

1) Initial Retrieval: We first run a dense retriever
to identify a set of candidate entry-point nodes. In
this step, we select M start nodes.

2) Agentic Exploration: The agent is then
launched from each of these entry points to navi-
gate the discourse sub-trees and collect a compre-
hensive context.

son, all models use a consistent context aggrega-
tion strategy to form the final input for the generator.
After the initial retriever provides a ranked list of
entry-point nodes, we construct the final context for
answer generator as follows:

1. Interleaved Collection: We employ an inter-
leaved aggregation strategy to merge the re-
sult lists. The process iterates rank-by-rank: it
first gathers all rank-1 nodes from every list,
then all rank-2 nodes, and so on. This gives
precedence to nodes ranked higher within their
respective local results.

2. Deduplication: A node is added to the final
context only if it has not been previously in-
cluded.

3. Sizing and Sorting: The collection stops once
K unique nodes are gathered. This final set is
then re-sorted according to their original order
in the document to preserve textual coherence.

In our experiments, we used the default M =8
and K = 30.

Infrastructure. Discourse trees for all documents
are built using the publicly available Two-Stage
discourse parser (Wang et al., 2017) that demon-
strates state-of-the-art performance in discourse
parsing.

For all experimental models, we utilize the Llama-
3.1 405B model (Dubey et al., 2024) as the core
reasoning and generation engine. It powers the
decision-making process for our DiscoRAG and
serves as the final answer generator for all base-
lines. This ensures a fair comparison focused on
the quality of the retrieved context rather than the
generative capabilities of different LLMs.
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Metric Mean Median ¢=0.9 ¢=0.95
#leaves 134.67 124.00 206.40 214.45
# context  28.49 29.00 36.00 38.00

Table 3: Statistics on the size of the full discourse
trees (# leaves) versus the context retrieved by our
agent (# context).

5.1.3. Evaluation Metrics

To answer our research questions, we use the fol-
lowing metrics.

To address RQ1, we assess context quality using
node-level Precision, Recall, and F1-score. These
metrics are computed against a manually annotated
ground-truth subset of our data (only questions
from the original SQUALITY dataset).

To evaluate end-to-end answer quality (RQ2),
we employ an LLM-as-a-Judge approach (Li et al.,
2024). For each query, the judge is presented with
a pair of anonymous, randomly ordered answers
(one from our model, one from a baseline). It is
prompted to select the better response based on
its relevance, completeness, and coherence, and
to provide a detailed rationale for its choice. We
report the resulting win, loss, and tie rates.

5.2. Context Size and Pruning Efficiency

Before evaluating the end-to-end performance, we
first analyze the extent to which DiscoRAG can
prune the document’s search space. Table 3
presents the statistics on the number of leaf nodes
in the entire discourse tree compared to the num-
ber of nodes selected by our agent to form the final
context.

The source documents are substantial, with a
mean of 134.67 leaf nodes. In stark contrast, our
agent retrieves a much more focused context, se-
lecting only 28.49 nodes on average. This rep-
resents an average context reduction of approxi-
mately 79%, demonstrating the agent’s ability to
discard large, irrelevant portions of the text.

5.3. Context Quality Analysis (RQ1)

To evaluate retrieval quality, we analyze model per-
formance on subsets of increasing query complex-
ity. We use the number of passages retrieved by
DiscoRAG as a proxy for the perceived difficulty of
a query.

Methodology Our evaluation proceeds as fol-
lows: for each context size K in the range [20,
30], we first identify the subset of queries for which
DiscoRAG retrieved at least K passages. Then, for
every query within this specific subset, we evaluate

all models — DiscoRAG, Vanilla RAG, and Expan-
sionRAG — by truncating their respective ranked
passage lists to the exact same size K. This design
enables a direct, controlled comparison of ranking
quality on progressively more demanding tasks.
The results are shown in Figure 4.

Results As shown in Figure 4a, DiscoRAG con-
sistently achieves the highest ROUGE-L Precision.
The ExpansionRAG model improves upon Vanilla
RAG, confirming that incorporating local context
is a beneficial heuristic. However, DiscoRAG out-
performs ExpansionRAG, which indicates that tar-
geted, relation-aware navigation is substantially
more effective at increasing the relevance density
of the context than proximity-based expansion.

Conversely, the recall analysis (Figure 4b) shows
that Vanilla RAG achieves the highest recall. This is
attributable to its unconstrained, broad-net seman-
tic search. Both DiscoRAG and ExpansionRAG
exhibit lower recall as a direct consequence of their
focusing mechanisms. The ExpansionRAG model
is limited by its commitment to a local neighborhood,
while DiscoRAG makes a controlled trade-off, pri-
oritizing a coherent discourse path over exhaustive
retrieval.

The ROUGE-L F1 score (Figure 4c) provides the
most conclusive evidence on context quality. Dis-
coRAG attains the highest F1 score, demonstrating
that its significant gains in precision more than com-
pensate for the controlled reduction in recall.

However, context-level metrics such as F1 are
not definitive indicators of the final quality of the
generation. The importance of high recall, ensur-
ing that all critical information is available to the
generator, cannot be underestimated, and a high
F1 score might obscure the omission of a key fact
if precision gains are substantial. To address this
limitation and assess the ultimate impact on answer
quality, we next present our end-to-end evaluation
using an LLM-as-a-Judge framework (RQ2). Fur-
thermore, to verify that our approach’s benefits are
most pronounced on the specific class of discourse-
aware queries where this precision-recall trade-off
is most critical, we develop a classifier to identify
such questions (RQ3).

5.4. End-to-end Answer Quality (RQ2)

To compare the outputs of Vanilla RAG and Dis-
coRAG, we employ an LLM-as-a-Judge frame-
work (Gu et al., 2024), utilizing the Gemini 2.5 Pro
model as the judge.

To evaluate a model’s ability for sophisticated
narrative analysis, which extends beyond simple
factual recall, we designed a framework to assess
the quality of evidence-based reasoning. Our crite-
ria are structured along two axes:
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a balanced measure of overall effectiveness.

Argument Construction (C1, C2): We first assess
the structural integrity of the analytical response.

» Framing the central problem or question rather
than simply providing its answer (C1: Focus
on the Question).

+ Grounding claims in direct evidence (dialogue,
actions) over abstract narrative summaries
(C2: Evidence over Narration).

Argument Quality (C3, C4): We then evaluate the
coherence and focus of the constructed argument.

+ Synthesizing evidence into a single, cohesive
thematic point (C3: Thematic Cohesion).

» Maintaining strict relevance to the user’s query
throughout the entire response (C4: Query
Relevance).

The results of our head-to-head comparison are
presented in Table 4. Our DiscoRAG approach sig-
nificantly outperforms the baseline, achieving an
overall win rate of 61.1%. This superiority is partic-
ularly evident on the first three criteria—focusing
on the question (C1), using direct evidence (C2),
and thematic cohesion (C3). Notably, the evalu-
ation for query relevance (C4) resulted in a high
tie rate (42.2%), suggesting both models perform
comparably on this specific dimension.

A breakdown of performance by question type
(Table 5) highlights the strengths of our approach.
DiscoRAG significantly outperforms the baseline
in complex analytical tasks (Thematic & Analyti-
cal, Cause-Effect), while performance is tied for
simplerplot-related queries. Although the sample
size for some categories is limited, this trend sug-
gests that DiscoRAG excels at reasoning rather
than the base Vanilla RAG.

Criteria DiscoRAG Vanilla RAG Tie
C1 61.2 (68) 35.2 (39) 3.6 (4)
c2 62.2 (69) 34.2 (38) 3.6 (4)
C3 59.5 (66) 40.5 (45) 0.0 (0)
C4 41.5 (46) 18.9 (21) 39.6 (44)
Overall 61.3 (68) 38.7 (43) 0.0 (0)

Table 4: Head-to-head comparison of DiscoRAG
against Vanilla RAG using an LLM-as-a-judge
across four evaluation criteria. Criteria: C1 (Ques-
tion Focus), C2 (Evidence), C3 (Cohesion), C4
(Relevance).

Question Type  DiscoRAG Vanilla RAG

Plot Specific 50.0 (12) 50.0 (12)
Thematic 77.8 (7) 22.2 (2)
Cause-Effect 66.7 (16) 33.3 (8)
Worldbuilding 66.7 (12) 33.3 (6)
Character Interp.  61.9 (13) 38.1 (8)
Hidden Conn. 53.3 (8) 46.7 (7)

Table 5: Fine-grained performance analysis across
question types. Values are win rates (%) with ab-
solute counts (N).

5.5. Classifier Evaluation (RQ3)

We additionally trained a binary classifier to distin-
guish between questions suitable for a standard
RAG methodology and those requiring discourse
level analysis (questions according to the catego-
rization in Section 4). For this purpose, a compre-
hensive dataset encompassing over 6500 ques-
tions of both types was built. Most questions were
generated for Project Gutenberg texts included in
the NarrativeQA corpus (Kocisky et al., 2018), us-
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ing the same approach applied to the SQUALITY
dataset and manual assessment. Furthermore, to
enhance domain and topic diversity, the dataset
was extended with queries referring to popular
books, films, and television series.

For the binary classification task, the DeBERTa-
v3-small model (He et al., 2020) was fine-tuned
using the Hugging Face transformers library. The
model’s output logits were passed through a soft-
max layer to obtain normalized class probabilities
during the three training epochs, which were sub-
sequently used to compute metrics. Evaluation on
a balanced test set including 500 questions (250
per class) showed that the classifier achieved an
F1-score of 0.984 demonstrating predictive perfor-
mance.

Despite its strong overall performance, the clas-
sifier, while distinguishing explicit causal (starting
with why/how) from factual questions, tends to over-
rely on lexical markers. The most difficult cases
for the model involve implicit social or attitudinal
reasoning (e.g., “How did Mary Alice’s sheltered
upbringing affect her interactions with Jack?”). Ex-
plicit causal questions like “What caused Tinker
Tim to quarrel with Dan?” are also misclassified
as one requiring discourse analysis indicating that
the classifier can overestimate the interpretive com-
plexity of questions.

6. Conclusion

In this paper, we suggested DiscoRAG, a novel
approach designed to overcome the limitations of
standard RAG on complex narrative queries. Our
method moves beyond local semantic similarity to
reason about a document’s global structure using
Rhetorical Structure Theory (RST). This pipeline,
which integrates a query classifier and a discourse-
aware agent, navigates a document’s discourse
tree to assemble a more coherent and contextually
rich evidence base.

Our empirical evaluation confirms the superior-
ity of this approach. DiscoRAG achieves a higher
context-level ROUGE-L F1 score and, more impor-
tantly, generates higher-quality final answers, as
verified by an LLM-as-a-Judge. The model’s size-
able outperformance on analytical and cause-effect
questions validates our central thesis: “discourse-
aware” queries form a distinct problem class that ne-
cessitates specialized, structure-aware models. To
support future research in this direction, we openly
release our augmented benchmark. Future work
will focus on optimizing the agent’s planning effi-
ciency and extending the framework to multilingual
scenarios. Generally, DiscoRAG marks a sizable
step towards a new paradigm of structure-aware
retrieval, paving the way for more sophisticated and
human-like text understanding in generative Al.

Limitations

Although our experimental evaluation focuses on
English documents, the DiscoRAG framework is de-
signed to be language-agnostic. Since high-quality
discourse parsers are already available for vari-
ous other languages, our approach can be readily
adapted to these linguistic contexts. We leave the
explicit evaluation of multilingual performance for
future work.

A limitation of our approach lies in the agent’s
interaction with the discourse graph. Not all lan-
guage models navigate discourse structure equally
effectively: weaker models may repeatedly focus
on the same node, fail to explore relevant discourse
relations, or retrieve insufficient textual evidence.
These issues are often related to limited planning
capabilities of models, suggesting that additional
control mechanisms may be necessary to ensure
stable and effective discourse graph navigation.

Regarding efficiency, the proposed method in-
troduces additional computational cost compared
to standard single-step retrieval pipelines. Specifi-
cally, the pre-computation of discourse trees and
the iterative nature of the agentic workflow increase
both inference latency and token consumption.
However, we consider that this trade-off is justified
by the substantial performance gains in resolving
complex, structure-dependent queries.

Ethics and Broader Impact

Our work contributes to the development of
more reliable Al systems for understanding long-
documents. By explicitly grounding the genera-
tion process in the document’s rhetorical structure
and providing an observable agent trajectory, Dis-
coRAG improves the transparency of the reason-
ing process compared to black-box summarization
models. This allows users to better verify the prove-
nance of the synthesized information.

Like all systems relying on pre-trained LLMs and
discourse parsers, our framework is susceptible to
the biases inherent in these upstream components.
For instance, discourse parsers trained primarily
on standard corpora may perform sub-optimally
on non-standard dialects or specialized domains,
potentially leading to uneven performance across
different text types.
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A. Detailed Agent Trajectory Example

Here we present a condensed trajectory of Dis-
coRAG for the query "What is Gurn’s role in the
story?" to illustrate its core mechanism. This trace
highlights how the agent moves beyond initial se-
mantic retrieval to discover deeper, structurally-
linked information by navigating the discourse tree.
The process can be summarized in the following
key steps:

1. Initial Retrieval: The agent begins with a stan-
dard semantic search, retrieving five relevant
but surface-level nodes. This represents the
context available to a ‘Vanilla RAG' model.

2. Discourse Navigation: Crucially, the agent
identifies the potential for deeper exploration
and decides to navigate the discourse tree
starting from node 39.

3. Discovery of Novel Information: By follow-
ing an ‘Attribution’ link, the agent discovers
node 37, which contains a physical descrip-
tion of Gurn. This vital information was entirely
absent in the initial retrieval set.

4. Context Enrichment: Further exploration
along an ‘Elaboration’ link enriches the context
with details about character relations (node
41).

Listing 1: Full agent trace for the query "What is
Gurn’s role in the story?"

Thought 1: I should use retrieval to find
< information about Gurn's role in the story.

Action 1: Retrieve[Role of Gurn in the story]

Observation 1: Retrieved 5 nodes:

Node ID 39 -

" "That is Gurn,” admitted Noork shortly. "He is
<> also an exile from the walled city of Grath.
< The city rulers call him a traitor. He has
<> told me the reason. Perhaps you know it as
— well?

Node ID 35 -

" "I am Noork,"” the man told her. "For many days
<> have I dwelt among the wild Vasads of the
< jungle with their golden-skinned chief, Gurn
— , for my friend.

Node ID 94 -

" "I have stolen the skin of a demon," answered the
— invisible man. "Go to Gurn. Tell him to fear
— the demons no longer. Tell him the Misty
<~ Ones can be trapped and skinned.

Node ID 297 -

"The message that Ud carried to me was good,"

laughed Gurn. "The Misty Ones skin easily.

We were trapping the Misty Ones as they came

across the lake,” he looked at the dying

Von Mark, "as were these others. Soon we

would have come to your rescue, Noork, my

friend.

97 -

TELELL

Node I

o

"Go to save Gurn's and here Noork was stumped
— for words. "To save his father's woman woman
<~ ," he managed at last. "Father's woman woman
— called Sarna.

Thought 2: I will save all the retrieved nodes
< related to Gurn's role in the story.

Action 2: Write[39, 35, 94, 297, 97]
Observation 2: The texts are written.

Thought 3: I should explore the discursively related
<> nodes to gain a better understanding of
< Gurn's role.

Action 3: RelationsFrom[39]

Observation 3: There are the following relations:
Attribution: node ID 40; depth 11

Attribution: node ID 37; depth 10

Attribution: node ID 17; depth 9

Elaboration: node ID 41; depth 8

Contrast: node ID 42; depth 7

Same-Unit: node ID 13; depth 6

Joint: node ID 9; depth 5

Thought 4: I will explore the nodes related to Gurn
<~ through the Attribution relation.

Action 4: Move[40]

Observation 4: The transition to node with ID 40 has
<~ been completed.

Text - " "Indeed I do,"” cried Sarna. "My brother
<~ said that we should no longer make slaves of
< the captured Zurans from the other valleys
N

Thought 5: I will retrieve the text related to Sarna
< and her brother's decision regarding the
<~ Zurans.

Action 5: Retrieve[Sarna and her brother's decision
< regarding the Zurans]

Observation 5: Retrieved 5 nodes:

Node ID 40 -

" "Indeed I do,"” cried Sarna. "My brother said that
< we should no longer make slaves of the
< captured Zurans from the other valleys.

Node ID 27 -

"Tako,” she replied fearfully. "Who speaks to Tholon
< Sarna? Be you hunter or escaped slave?

Node ID 303 -

" He smiled and his brown arm tightened around Sarna
<~ 's golden body. "The evil man is dead. My
< native valley is safe. Now I can live in
<> peace with you, Gurn, and with your sister,
<~ here in the jungle.

Node ID 97 -

"Go to save Gurn's and here Noork was stumped
<~ for words. "To save his father's woman woman
< ," he managed at last. "Father's woman woman
— called Sarna.

Node ID 235 -

Tholon Sarna stumbled through the door and he caught
< her in his arms. Hurriedly he loosed one of
— the two robes fastened about his waist and
< slipped it around her slim shivering
— shoulders.

Thought 6: The text from node 27 seems relevant to
< Gurn's role in the story. I will save it.

Action 6: Write[235]

Observation 6: The texts are written.

Thought 7: I should explore the nodes related to
< Gurn through the Attribution relation from
< node ID 37.

Action 7: Move[37]

Observation 7: The transition to node with ID 37 has
< been completed.
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Text - " The girl impulsively took a step nearer.
Gurn!” she cried. "Is he tall and strong?
Has he a bracelet of golden discs linked

together with human hair? Does he talk with
his own shadow when he thinks?.

Ll

Thought 8: The text from node 37 describes a
< description of Gurn. I will save it.

Action 8: Write[37]

Observation 8: The texts are written.

Thought 9: I should explore the nodes related to
<~ Gurn through the Elaboration relation from
< node ID 41.

Action 9: Move[41]

Observation 9: The transition to node with ID 41 has
<~ been completed.

Text - " Noork smiled. "I am glad he is your brother

< ," he said simply..

Thought 10: The text from node 41 suggests that Gurn
— is Noork's brother. I will save it.

Action 10: Write[39, 40, 41]

Observation 10: The texts are written.

Thought 11: I should explore the nodes related to
< Gurn through the Contrast relation from node

— ID 42.

Action 11: Move[42]

B. Prompts

In our experiments, we utilized the agentic
prompt presented in Figure 5.
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You should collect the necessary pieces of information from the text, which will subsequently allow you to
write a general summary according to a given query. The document is presented hierarchically in the
form of a discourse tree, enriched with chapter html tags.

You have access to the following actions with the document tree:

{tools}

Use chained reasoning Thought | Action | Observation

The thought should consist of one-two sentences with a plan for what to do next. A thought cannot be empty
|

The action must include a call to tools in the format Tool[Argument]. If a tool requires no arguments,
then it must be used as Tool[].

The tool to be called must be selected from {tool_names}.

Pay attention to the Write[text] action, according to which you can write down the necessary information
to a scratchpad, according to which the final summary will be constructed in the future.

The last action of the argument should be Finish[Done]. Use it when you think you have accumulated enough
information to write a final summary.

[Example]

Question: Who are the Bogans, and what happens to their plan?

Thought 1: I should use information retrieval to fiend relevent text piece about Bogans.

Action 1: Retrieve[Who are the Bogans?]

Observation 1: Retrieved 5 nodes:

Node ID 168 -

I wonder if the Bogans know that?

Node ID 234 -

Do you know the name of the institution these Bogan students are bound for?

Node ID 19 -

Magnan nodded. The Bogans have launched no less than four military campaigns in the last two decades. They
are known as the Hoodlums of the Nicodemean Cluster. Now, perhaps, we shall see them breaking that
precedent and entering into the cultural life of the Galaxy.

Thought 2: All nodes seems relevant, so I will save all of them.

Action 2: Write[19, 168, 234]

Thought 3: I will explore the discursively related nodes, starting with the nodes related with node 19.

Action 3: RelationsFrom[19]

Observation 3: There are the following relations:

Elaboration: ID 24; depth 8

Contrast: ID 25; depth 7

Thought 4: I can explore further with the help of contrast node.

Action 4: Move[25]

Observation 4: Inner node (text is hidden)

Thought 5: I can call the retrival tool from this node.

Action 5: Retrieve[Bogans]

- I should use retrieval to find relevant information.
- I can use Attribution relation from the current node, to explore information that attributes it.
- Information seems relevant. I should save it using Write action.

Continue the reasoning below. Important: use more Write actions to save relevant texts!
You must cover as much relevant parts of the story as possible!

Important: You must explore the node obtained after the first Retrieve action!
Important: use the exact text in the Retrieve actions (texts like "information from...
Important: use MORE discourse-based and Write actions and LESS Retrieve actions!
Important: use Write[index] for the short texts and Write[full text to write] for the long texts.
Important: try to use Retrieve actions instead of Text for inner nodes.

Important: in Write save only those nodes that you are confident in.

n

are restricted)!

Question: {input}{agent_scratchpad}

Figure 5: The complete system prompt for the DiscoRAG agent.
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