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Abstract
Existing long-document question answering
systems typically process texts as flat sequences
or use heuristic chunking, which overlook the
discourse structures that naturally guide human
comprehension. We present a discourse-aware
hierarchical framework that leverages rhetori-
cal structure theory (RST) for long document
question answering. Our approach converts
discourse trees into sentence-level representa-
tions and employs LLM-enhanced node rep-
resentations to bridge structural and semantic
information. The framework involves three
key innovations: language-universal discourse
parsing for lengthy documents, LLM-based en-
hancement of discourse relation nodes, and
structure-guided hierarchical retrieval. Ex-
tensive experiments on four datasets demon-
strate consistent improvements over existing
approaches through the incorporation of dis-
course structure, across multiple genres and
languages. Moreover, the proposed framework
exhibits strong robustness across diverse docu-
ment types and linguistic settings.

1 Introduction

Document question answering represents a funda-
mental challenge in natural language processing,
with applications spanning from academic research
to enterprise knowledge management (Chen et al.,
2017; Karpukhin et al., 2020). To date, large lan-
guage models (LLMs) have achieved remarkable
success on the task, particularly for short docu-
ments such as SQuAD (Rajpurkar et al., 2016),
which has an average context length of 117 words
(Reddy et al., 2019), reaching human-level perfor-
mance with F1 scores exceeding 85% (Chowdhery
et al., 2023; Malladi et al., 2023). However, as
document length increases, their performance de-
grades significantly. For example, on challenging
long document datasets such as QASPER, state-
of-the-art LLM models only achieve performance
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Figure 1: Comparison of document modeling ap-
proaches for long document QA. Numbers (1-6) show
sentence order in original document, with similar colors
indicating semantic relationships. Four approaches are
compared: (a) Flat sequential modeling, (b) Bottom-
up semantic clustering, (c) Bisection-based adjacent
grouping, and (d) Our discourse-aware approach that
preserves both semantic and discourse structures.

with less than 50% F1 scores (Shaham et al., 2022;
Bai et al., 2024). This performance gap highlights
long document question answering as a critical and
underexplored research frontier.

The most straightforward approach to handling
long documents involves flat sequential modeling,
where texts are processed as linear sequences or
divided into fixed-size chunks (Lewis et al., 2020;
Guu et al., 2020a). This chunking-based paradigm
has gained widespread adoption due to its simplic-
ity and computational efficiency, enabling scalable
processing of large document collections. Building
upon this foundation, recent advances have intro-
duced tree-based structures to better capture docu-
ment organization and move beyond simple chunk-
ing, as illustrated in Figure 1. These innovations
include semantic clustering methods like RAPTOR
(Sarthi et al., 2024) that recursively group simi-
lar content, and bisection-based approaches that
maintain local coherence through adjacent segment
grouping (Liu and Lapata, 2019; Karpukhin et al.,
2020). These hierarchical methods represent sig-
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nificant improvements by capturing semantic simi-
larity and textual coherence, offering more sophis-
ticated document modeling capabilities.

Discourse structure provides a principled linguis-
tic foundation for document organization that goes
beyond surface-level similarities. Consider a doc-
ument where the first sentence serves as a topic
statement, followed by contrasting ideas (sentences
2-3), parallel supporting evidence (sentences 4-5),
and a concluding statement (sentence 6). These
discourse relationships naturally capture how hu-
mans organize and comprehend information in doc-
uments, providing guidance for more semantically
appropriate chunking and hierarchical organization
in retrieval. As a mature theoretical framework,
discourse analysis has demonstrated effectiveness
across various NLP tasks (Feng and Hirst, 2014;
Cohan et al., 2018; Søgaard et al., 2021), presenting
an opportunity to develop more principled retrieval
methods that align with human document compre-
hension patterns.

Therefore, in this work, we present DISRe-
trieval (DIScourse-aware hierarchical Retrieval),
the first systematic approach that leverages rhetor-
ical structure theory (RST) to enhance long docu-
ment question answering through discourse-aware
modeling with cross-lingual applicability. Our ap-
proach tackles three key technical challenges: First,
we introduce RST adaptations along two dimen-
sions: granularity adaptation that shifts processing
to the sentence level for efficiency, and language
adaptation that enables cross-lingual applicability
through LLM-based data augmentation. Second,
we introduce LLM-based node enhancement that
enriches intermediate nodes with both discourse
structure and semantic content. Third, we design
structure-guided evidence retrieval mechanisms
that leverage discourse organization for effective
information extraction.

Comprehensive experiments across four chal-
lenging benchmarks: QASPER (Dasigi et al., 2021)
for research paper understanding, QuALITY (Pang
et al., 2022) for reading comprehension, Narra-
tiveQA (Kočiský et al., 2018) for book-length nar-
rative analysis and MultiFieldQA-zh (Bai et al.,
2024) for Chinese documents question answering
demonstrate substantial improvements over exist-
ing methods. Detailed ablation studies validate
the effectiveness of our discourse-aware modeling
and structure-guided processing, showing consis-
tent gains across diverse scenarios. Our framework
successfully captures both fine-grained semantic

details and document-level organizational patterns,
providing a robust solution for discourse-informed
question answering. Our main contributions can be
summarized as follows:

• A novel discourse-aware hierarchical frame-
work with granularity and language adapta-
tions enabling efficient cross-lingual long doc-
ument QA.

• An innovative LLM-enhanced hierarchical re-
trieval mechanism enabling multi-granularity
evidence selection.

• Comprehensive empirical validation across
diverse datasets, architectures, and languages.

Our code and datasets are publicly available at
github/DreamH1gh/DISRetrieval to facilitate fu-
ture research.

2 Related Work

Recent advances in LLMs have demonstrated im-
pressive capabilities across diverse text compre-
hension tasks (Brown et al., 2020; Chowdhery
et al., 2023; Zhang et al., 2025; Wu et al., 2025;
Zhao et al., 2026; Wu et al., 2026). However, ex-
tended documents present challenges due to con-
text length constraints and computational complex-
ity (Tay et al., 2021; Zaheer et al., 2020; Beltagy
et al., 2020; Ding et al., 2023; Ainslie et al., 2023).
Traditional approaches operate on short segments
without considering broader context (Liu and Lap-
ata, 2019; Guo et al., 2022; Rae et al., 2020), while
recent innovations explore chunking-free extrac-
tion (Zhao et al., 2024) and in-context retrieval
(Qian et al., 2024; Wang et al., 2023; Izacard et al.,
2023; Yu et al., 2023).

Retrieval-based methods segment documents
before retrieving relevant evidence (Lewis et al.,
2020; Karpukhin et al., 2020; Izacard and Grave,
2020). These have evolved from flat segmenta-
tion (Guu et al., 2020b) and early hierarchical ap-
proaches (Tang et al., 2017) to sophisticated meth-
ods including semantic clustering (Sarthi et al.,
2024), bisection-based techniques (Zhang et al.,
2020; Ivgi et al., 2023), hybrid systems (Liu et al.,
2021; Arivazhagan et al., 2023), and structure
conversion approaches (Jin et al., 2025). Dis-
course structure has been explored for QA through
discourse-based systems (Santhosh and Ali, 2012),
long-form answer analysis (Xu et al., 2022), and
structure-discourse graphs (Nair et al., 2023; Du
et al., 2023). However, existing approaches ei-
ther rely on surface-level semantic similarity for re-
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Figure 2: Overview of the DISRetrieval framework consisting of three main steps: (1) Discourse-Aware Tree
Construction through paragraph-level parsing (left) and document-level integration (center), (2) Node Representation
via tree integration and dense encoding, and (3) Hierarchical Evidence Retrieval with multi-level selection.

trieval or apply discourse primarily to answer gener-
ation tasks, overlooking linguistically-informed dis-
course structures for evidence retrieval (Liu et al.,
2019; Wolf et al., 2020).

3 Method

Discourse analysis provides systematic frameworks
for understanding how textual segments relate be-
yond surface-level semantics (Mann and Thomp-
son, 1988; Carlson et al., 2001). RST formal-
izes this by representing documents as hierarchi-
cal trees where leaf nodes correspond to elemen-
tary discourse units (EDUs) and internal nodes
encode rhetorical relations such as contrast, elab-
oration, and summary (Marcu, 2000). Recent
advances in neural discourse parsing (Yu et al.,
2018; Kobayashi et al., 2020; Yu et al., 2022a,b)
have enabled automatic RST construction at scale
(Maekawa et al., 2024; Yuan et al., 2025).

To address the challenge of bridging between dis-
course theory and document retrieval, we propose
DISRetrieval, a discourse-aware framework that
systematically incorporates RST structure into doc-
ument retrieval as shown in Figure 2. Our frame-
work operates in three stages: (1) constructing hier-
archical discourse trees through sentence-level RST
parsing, (2) enriching tree nodes with semantic
representations via LLM enhancement and dense
encoding, and (3) performing structure-guided ev-
idence retrieval. Figure 5 provides a concrete ex-
ample showing how a research paper paragraph is
transformed into a hierarchical discourse structure.

3.1 Discourse-Aware Tree Construction

We construct a hierarchical tree structure that cap-
tures semantic content and organizational structure
of documents through discourse analysis.

3.1.1 RST Adaptation
To effectively apply RST to long document ques-
tion answering, we introduce two critical adap-
tations that address computational efficiency and
cross-lingual applicability.

Granularity Adaptation. Traditional RST oper-
ates on fine-grained EDUs, creating computational
overhead and semantic fragmentation for long doc-
uments. We address this challenge by shifting RST
processing to the sentence level, achieving better
efficiency while maintaining semantic coherence.
Specifically, we train a sentence-level parser by
converting existing EDU-based datasets through
two operations: (1) merging intra-sentence EDUs
into unified sentence units, and (2) determining
inter-sentence relationships via lowest common an-
cestor analysis in the original EDU-level discourse
trees. This enables our parser to capture meaning-
ful discourse relations efficiently.

Language Adaptation. To enable cross-lingual
applicability beyond English, we develop a
language-universal discourse parser through LLM-
based multilingual data augmentation. We employ
GPT-4o to translate the RST-DT training corpus
into target languages while preserving discourse
structures at the sentence level. The translated
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data is combined with the original corpus to train
a unified parser fdiscourse that generalizes across
languages without requiring language-specific an-
notations. Complete implementation details are
provided in Appendix A.1 and B.2.

3.1.2 Complete Tree Construction Process
Building upon our adapted sentence-level discourse
parser, we develop a hierarchical discourse mod-
eling framework that constructs document-level
discourse trees through a two-phase process.

Phase 1. Paragraph-Level Tree Construction.
We transform each paragraph’s sentence sequence
Si = {si,1, si,2, ..., si,m} into a local discourse
tree Ti using fdiscourse. Each tree captures sentence
connections within the paragraph, preserving fine-
grained intra-paragraph discourse structure.

Phase 2. Document-Level Tree Construction.
We construct global document structure through
bottom-up LLM enhancement. For each internal
node v in paragraph-level trees, we apply adaptive
processing:

v∗ =

{
fLLM(vl, vr), if |vl|+ |vr| ⩾ τ

fmerge(v). otherwise
(1)

When combined child length exceeds threshold
τ , fLLM generates concise summaries. Otherwise,
fmerge directly concatenates content. Figure 5 il-
lustrates how rhetorical relations transform into
semantic representations.

The root representations from paragraph trees
serve as input for document-level tree construc-
tion. We apply the same RST parser to these sum-
maries, creating a hierarchical structure capturing
document-wide discourse relationships.

3.2 Discourse-Aware Node Representation
A critical challenge in discourse-based retrieval
lies in bridging the semantic gap between abstract
rhetorical relations and concrete textual content re-
quired for neural retrieval. We develop a semantic
enhancement framework through three key stages.

Bottom-up Semantic Enhancement. The
document-level tree Tdoc initially lacks concrete
semantic content at internal nodes. We apply
the same bottom-up LLM enhancement strategy
(Equation 1) to generate meaningful textual
representations for these structural nodes. Starting
from leaf nodes and moving upward, this process
systematically transforms each internal node from

abstract structural placeholders into semantically
rich representations that capture the combined
content of their subtrees. The result is a fully
enhanced tree where all nodes possess concrete
textual content suitable for semantic matching.

Multi-Level Tree Integration. We implement a
substitution-based integration mechanism that com-
bines the enhanced document-level tree T ∗

doc with
paragraph-level trees Ti into a unified discourse
structure. Each leaf node in T ∗

doc is systematically
replaced with its corresponding paragraph-level
discourse tree:

TD = T ∗
doc[li ← Ti, ∀i ∈ {1, 2, ..., n}]. (2)

This integration enables multi-granularity
discourse modeling, where fine-grained intra-
paragraph sentence relationships coexist with
coarse-grained inter-paragraph discourse connec-
tions within a single hierarchical structure.

Node Encoding. To enable efficient retrieval, we
transform the integrated discourse tree TD into
dense embeddings using a pre-trained encoder:

ev = fenc(v), ∀v ∈ N (TD). (3)

The resulting embedding tree Temb = (TD, {ev})
preserves both the hierarchical discourse structure
and semantic information, enabling structure-aware
retrieval through dense vector operations.

3.3 Structure-Guided Evidence Retrieval

We introduce a structure-aware retrieval mecha-
nism that leverages the hierarchical nature of dis-
course trees to select evidence at multiple granular-
ity levels. Unlike flat retrieval methods that operate
on uniform text segments, our approach exploits
discourse structure to implement a dual-selection
strategy that balances local semantic relevance with
global discourse coherence.

Retrieval Process. Given a query q, we first com-
pute semantic similarities for all nodes in the em-
bedding tree:

score(v) = cos(fenc(q), ev),∀v ∈ N (TD). (4)

Dual-Selection Strategy. Nodes are ranked by
relevance and processed through two complemen-
tary selection mechanisms:
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Algorithm 1: Structure-Guided Evidence Retrieval

Input: Query q, discourse tree T , evidence limit K, subtree
selection size k

Output: Evidence set E
/* Compute node similarities and rank */
eq ← Encoder(q) ;
scores[v]← cosine(eq, ev) for all v ∈ T ;
Vranked ← sort(scores, descending) ;
/* Structure-aware selection */
E ← {}, used← {} ;
for v ∈ Vranked do

if v is leaf and v /∈ used then
E ← E ∪ {v}, used← used ∪ {v} ;

else
L← leaves(v) \ used ; // Unused leaves in
subtree

if L ̸= ∅ then
Lk ← top_k(L, scores, k) ;
E ← E ∪ Lk , used← used ∪ Lk ;

end
end
if |E| ≥ K then

break
end

end
return E

• Direct leaf selection for high-relevance sen-
tences

• Hierarchical expansion with top-k subtree se-
lection for internal nodes

• Redundancy elimination to prevent duplicates

For leaf nodes with high relevance, we select
them directly. For internal nodes, we perform
controlled subtree expansion by selecting the top-
k most relevant unused leaves from their sub-
trees. This ensures both specific sentence-level
evidence and coherent discourse segments are cap-
tured while eliminating redundancy.

Algorithm 1 details the complete process, bal-
ancing semantic relevance with discourse coher-
ence. A concrete example illustrating how dis-
course structure guides evidence selection across
granularity levels is provided in Appendix C.5.

4 Experiments

4.1 Experimental Setup

Datasets and Evaluation Metrics. We evaluate
our approach on four challenging long document
QA datasets: QASPER (Dasigi et al., 2021) for
research papers (avg. 4170 words), QuALITY
(Pang et al., 2022) for reading comprehension (avg.
5022 words), NarrativeQA (Kočiský et al., 2018)
for narrative documents (avg. 51,372 words), and
MultiFieldQA-zh (Bai et al., 2024) for Chinese
documents (avg. 6701 words). We use F1-Match
for QASPER and MultiFieldQA-zh, accuracy for
QuALITY, and BLEU(B-1)/ROUGE/METEOR for
NarrativeQA. Token-level F1/Recall evaluate re-
trieval quality on QASPER. We fix the retrieved

context length across methods for fair comparison.

Baselines. We evaluate our approach against sev-
eral strong retrieval baselines:

• Flatten-chunk splits articles into chunks of max-
imum 100 words while preserving sentence
boundaries for semantic coherence.

• Flatten-sentence adopts sentence-level splitting
and direct retrieval, providing a direct compari-
son baseline for our hierarchical approach.

• RAPTOR constructs a semantic tree through re-
cursive embedding, clustering, and summariza-
tion, with retrieval performed on a collapsed tree
structure following Sarthi et al. (2024).

• Bisection shares our LLM-enhanced representa-
tions and hierarchical retrieval mechanism (Sec-
tions 3.2 and 3.3) but constructs trees by recur-
sively dividing sentences into balanced binary
subtrees. This isolates the specific contribution
of discourse structure by keeping all other com-
ponents identical to DISRetrieval.

Implementation details. We train our language-
universal discourse parser on RST-DT (Carlson
et al., 2001) following Yu et al. (2022b) with gte-
multilingual-base1 backbone (Zhang et al., 2024),
augmented with GPT-4o-translated Chinese data.
All summarization tasks, including both our ap-
proach (as defined in Equation 1) and RAPTOR
baseline, utilize Llama3.1-8B-Instruct for consis-
tency. We set threshold τ = 0 for QASPER
and τ = 50 for QuALITY/NarrativeQA (Ap-
pendix C.4). For sentence encoder (Section §3.2),
we adopt a completely training-free design, di-
rectly applying pre-trained embedding models with-
out any fine-tuning to ensure zero training cost
and plug-and-play flexibility across different de-
ployment settings. Specifically, we test Sentence-
BERT2 and OpenAI text-embedding-3-large3. Top-
K is set to 5 (Appendix C.3). Generation mod-
els include UnifiedQA-3B, GPT-4.1-mini, and
Deepseek-v3. Details in Appendix B.

4.2 Main Results
Generation Performance. We evaluate our ap-
proach across different context lengths (200-400
words) and embedding models (SBERT and Ope-
nAI) on QASPER and QuALITY datasets. Table 1

1huggingface.co/Alibaba-NLP/gte-multilingual-base
2multi-qa-mpnet-base-cos-v1
3https://platform.openai.com/docs/guides/embeddings
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Method F1-Match (QASPER) / % Accuracy (QuALITY) / %

200 (s) 200 (o) 300 (s) 300 (o) 400 (s) 400 (o) 200 (s) 200 (o) 300 (s) 300 (o) 400 (s) 400 (o)

UnifiedQA-3B

flatten-chunk 33.97 37.50 35.41 38.46 36.13 39.03 52.97 56.28 54.46 57.53 55.23 57.62
flatten-sentence 35.16 38.43 37.24 39.31 37.99 40.06 53.16 56.04 54.55 56.71 55.27 57.38
RAPTOR 33.57 37.46 34.95 39.96 37.00 39.53 53.60 55.99 54.75 57.00 55.51 58.53
Ours

Bisection 36.17 37.41 37.66 39.49 38.84 39.70 55.13 57.00 56.04 58.53 57.24 60.21
DISRetrieval 37.36 38.49 39.56 40.03 40.65 40.74 55.56 57.67 57.62 59.64 58.87 60.64

GPT-4.1-mini

flatten-chunk 37.37 41.13 41.38 43.34 42.72 44.78 60.16 65.77 63.66 69.27 67.69 71.05
flatten-sentence 39.82 43.08 41.84 45.28 42.44 45.78 60.12 64.43 63.09 66.68 65.24 69.94
RAPTOR 37.55 40.88 39.95 43.26 42.50 43.85 61.31 64.77 63.81 67.79 67.26 70.71
Ours

Bisection 40.98 43.12 42.74 44.54 43.49 45.69 63.71 67.88 65.68 70.71 67.93 72.00
DISRetrieval 40.99 43.45 43.01 45.19 44.95 46.31 64.57 69.27 66.63 72.44 69.37 73.54

Deepseek-v3

flatten-chunk 35.29 38.14 37.99 40.78 40.57 42.26 65.68 71.52 69.65 75.02 73.25 76.56
flatten-sentence 36.51 39.27 39.41 41.57 40.82 43.04 64.14 68.74 68.41 72.24 69.65 73.63
RAPTOR 34.66 37.84 37.30 40.50 39.77 42.17 65.53 69.13 68.65 72.24 71.19 75.22
Ours

Bisection 37.28 39.27 39.80 41.81 40.96 43.57 67.83 71.09 70.81 74.40 73.39 76.94
DISRetrieval 37.79 39.77 40.39 42.19 41.51 43.65 68.89 72.28 72.15 76.46 73.68 77.71

Table 1: Generation performance comparison of different methods under varying retrieved context lengths (200-
400 words) and different embedding models (SBERT: s, OpenAI text-embedding-3-large: o) across two datasets.
Bisection shares our LLM-enhanced node representations and hierarchical retrieval mechanism but uses binary tree
construction instead of discourse structure. Best results are bolded, runners-up are underlined.

presents the comparative results. The results reveal
three key insights:

Consistent superiority across settings. DIS-
Retrieval outperforms all baselines regardless of
context length, embedding model, or generation
architecture (UnifiedQA-3B, GPT-4.1-mini, and
Deepseek-v3). For instance, with 400-word con-
texts and UnifiedQA-3B, we achieve +2.66% F1-
Match on QASPER and +3.60% accuracy on
QuALITY over the flatten-sentence baseline.

Discourse structure surpasses semantic cluster-
ing. Compared to RAPTOR’s semantic cluster-
ing approach, our discourse-aware method demon-
strates clear advantages (40.03% vs. 39.96% F1-
Match on QASPER with OpenAI embeddings),
confirming that linguistic discourse structure pro-
vides more principled document organization than
purely semantic-based methods.

Linguistic discourse essential for hierarchical
modeling. The Bisection ablation validates our
core hypothesis: while hierarchical organization
helps (Bisection > flatten baselines), incorporating
discourse structure is crucial (DISRetrieval > Bi-
section consistently), providing substantial benefits
beyond simple tree-based document modeling.

Retrieval Performance. We evaluate DISRe-
trieval’s retrieval effectiveness on QASPER using
token-level F1 and Recall metrics. The Retrieval
Result in Table 2 reveals three key findings:

First, DISRetrieval consistently outperforms
baselines across all settings, achieving the high-
est F1 and Recall scores with both SBERT and
OpenAI embeddings. This demonstrates that our
discourse-aware context modeling effectively cap-
tures the semantic relationships within documents.

Second, for longer contexts (300-400 words),
while all methods show some F1 score degrada-
tion, DISRetrieval maintains superior performance,
particularly in Recall metrics. This robust perfor-
mance on longer contexts validates the capability
of our method in handling complex document struc-
tures through discourse-guided retrieval.

The ablation with Bisection shows that while
hierarchical organization helps, the full discourse-
aware approach provides additional benefits. Ad-
ditionally, OpenAI embeddings consistently out-
perform SBERT across all settings, suggesting that
strong semantic representations are fundamental to
the effectiveness of discourse-aware retrieval.

Cross-Lingual Effectiveness. To verify the
language-universal capability of our approach, we
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Retrieval Result 200 (SBERT) 200 (OpenAI) 300 (SBERT) 300 (OpenAI) 400 (SBERT) 400 (OpenAI)

F1 / % Recall / % F1 / % Recall / % F1 / % Recall / % F1 / % Recall / % F1 / % Recall / % F1 / % Recall / %

flatten-chunk 26.13 56.05 29.17 62.16 23.10 63.92 25.12 69.04 20.38 68.75 21.91 73.38
flatten-sentence 26.15 57.80 28.25 62.78 22.68 64.63 24.04 68.43 19.98 69.02 21.06 72.42
RAPTOR 24.57 52.42 27.18 58.49 21.71 60.00 23.57 65.63 19.27 65.11 20.64 70.04
Ours

Bisection 27.63 59.82 29.29 63.11 23.83 66.69 25.16 69.94 21.10 71.52 21.98 74.18
DISRetrieval 28.13 60.75 30.27 65.33 24.62 67.98 26.00 71.71 21.58 72.61 22.79 75.95

Generation Result Full Document + Retrieved Evidence Full Document Gold Evidence

200 (SBERT) 200 (OpenAI) 300 (SBERT) 300 (OpenAI) 400 (SBERT) 400 (OpenAI) Avg. 4170 words Avg. 129 words

F1 / % 49.65 (+0.84) 50.05 (+1.24) 49.77 (+0.96) 50.11 (+1.30) 49.54 (+0.73) 50.20 (+1.39) 48.81 50.71 (+1.90)

Table 2: Retrieval and generation results (token-level F1 and Recall) on the QASPER dataset. Embedding models:
SBERT and OpenAI text-embedding-3-large. Generation model: Llama3.1-8B-Instruct.

evaluate on MultiFieldQA-zh, a Chinese long-
document QA benchmark. As shown in Table 3,
DISRetrieval consistently outperforms all baselines
across different context lengths with both GPT-
4.1-mini (35.25% F1) and Deepseek-v3 (29.54%
F1). The improvements are particularly notable at
longer contexts, where our method gains +1.30% to
+1.56% over Bisection with Deepseek-v3. These re-
sults validate that linguistically-grounded discourse
structures transcend language boundaries, with our
language-universal parser effectively capturing dis-
course relationships in Chinese documents. This
cross-lingual effectiveness highlights the language-
agnostic nature of rhetorical structure theory and
demonstrates the extensibility to other languages
through similar data augmentation strategies.

Method GPT-4.1-mini (F1 / %) Deepseek-v3 (F1 / %)

200 300 400 200 300 400

flatten-chunk 28.77 31.25 33.46 22.69 26.91 26.70
flatten-sentence 28.59 31.95 34.41 26.15 27.04 27.06
RAPTOR 26.61 31.70 34.32 23.11 25.96 27.01
Ours

Bisection 28.23 32.31 34.80 26.71 27.05 28.24
DISRetrieval 29.60 32.97 35.25 26.76 28.61 29.54

Table 3: Performance on MultiFieldQA-zh (Chinese).

BLEU / % ROUGE / % METEOR / %

flatten-chunk 24.24 28.42 19.70
flatten-sentence 21.53 28.22 18.33
RAPTOR 25.05 30.24 20.92
Ours

Bisection 24.71 28.85 20.41
DISRetrieval 25.39 30.31 21.16

Table 4: Performance on the NarrativeQA dataset.

4.3 Discussions

RQ1: Is DISRetrieval effective for handling ex-
tremely long documents? Tab 4 We evaluate
our method on NarrativeQA, which contains excep-
tionally long documents (average: 51,372 words,
maximum: 346,902 words) that exceed most gener-
ative models’ context limits. DISRetrieval achieves
superior performance across all metrics, outper-
forming the widely-used flatten-chunk baseline by
+1.15% BLEU, +1.89% ROUGE, and +1.46% ME-
TEOR. Notably, both DISRetrieval and RAPTOR
substantially outperform flatten-based methods,
confirming that structured approaches are more
effective than flat for extremely long document re-
trieval. However, DISRetrieval’s discourse-aware
structure provides consistent advantages over RAP-
TOR’s semantic clustering approach.

RQ2: Is precise evidence retrieval essential for
effective question answering? Tab 2 To eval-
uate the importance of precise evidence retrieval,
we compare three context settings using Llama3.1-
8B-Instruct: (i) golden evidence, (ii) full document,
and (iii) full document augmented with retrieved
evidence (highlighted with [EVIDENCE] ... [/EV-
IDENCE] markers). Golden evidence achieves the
highest F1 score of 50.71% with only 129 words on
average, significantly outperforming the full docu-
ment approach (48.81% with 4,170 words). This
demonstrates that concise yet accurate retrieval is
more effective than using substantially larger con-
text. Furthermore, augmenting the full document
with our retrieved evidence yields consistent im-
provements of 0.73-1.39% across all settings, con-
firming that precise retrieval enhances performance
even when combined with complete document ac-
cess. These results underscore that effective long-
document QA systems should prioritize retrieval
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quality over context quantity.
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Figure 3: Ablation results of different variants.

RQ3: Is the hierarchical retrieval strategy effec-
tive? Fig 3 We conduct ablation experiments on
the QuALITY dataset to evaluate our hierarchical
retrieval strategy. We compare five variants: leaf-
only baseline, summary-based retrieval, all filtered-
leaves, Top-K with ranking order, and our Top-K
with original order. Three key findings emerge:
(1) Summary-based retrieval underperforms the
leaf baseline, confirming that preserving original
text details is crucial for effective retrieval. (2)
While all filtered-leaves shows marginal improve-
ments, selective Top-K methods are superior due
to reduced noise from irrelevant content. (3) Our
Top-K origin method consistently achieves the best
performance by preserving natural document flow.
This advantage intensifies with longer contexts and
stronger embeddings, validating that maintaining
document structure is essential for hierarchical re-
trieval. Notably, the proportion of internal nodes
versus leaf nodes in retrieved evidence varies sub-
stantially across document types: for narrative doc-
uments with short sentences such as QuALITY,
the system predominantly selects internal nodes at
deeper levels, whereas for academic papers with
longer self-contained sentences such as QASPER,
it relies more on leaf-level nodes. This adaptive
behavior across granularity levels is the key mech-
anism driving performance gains, and we provide
a detailed quantitative analysis in Appendix C.2.

RQ4: Does the scale of LLMs affect the qual-
ity of the discourse-aware tree structures in
node text enhancement? Tab 5 We investigate
whether model scale affects discourse-aware tree
construction by comparing different LLMs. As
shown in Table 5, smaller models like Llama-3.1-
8B, Qwen2.5-7B, and Mistral-7B achieve compara-
ble performance to larger models, with differences
under 0.5%. Notably, Llama-3.1-8B achieves the
best recall at 400-word context length. These re-
sults indicate that our approach does not heavily

depend on LLM scale, enabling low-cost deploy-
ment with 7B models. Moreover, our method is
3× faster than RAPTOR (e.g., 50K words: 103s vs.
338s), with preprocessing costs amortized across
multiple queries (detailed in Appendix C.1).

200 300 400

F1 / % Recall / % F1 / % Recall / % F1 / % Recall / %

Llama-3.1-8B 28.13 60.75 24.62 67.98 21.58 72.61
Qwen2.5-7B 28.54 61.08 24.73 68.13 21.76 72.71
Mistral-7B 28.51 61.57 24.68 68.53 21.54 72.50
GPT-4o-mini 28.29 61.63 24.65 68.42 21.49 72.65
Deepseek-v3 28.66 61.80 24.77 68.66 21.72 72.69

Table 5: Effect of different LLMs for node text enhance-
ment on QASPER dataset retrieval performance (token-
level F1 and Recall) across varying context lengths.

RQ5: Does the capability of the discourse parser
have a significant impact? Fig 4 We exam-
ine how discourse parser capabilities affect down-
stream performance by training parsers on vary-
ing amounts of data (0-100%). As shown in Fig-
ure 4, both retrieval recall and answer F1 scores im-
prove consistently as parser training data increases
across all context lengths. Notably, despite our
parser being trained only on RST-DT (news-text-
dominant), DISRetrieval consistently outperforms
all baselines across diverse genres (research pa-
pers, fiction, movie scripts), demonstrating practi-
cal robustness and extensible potential as parsing
technology advances.
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Figure 4: Impact of discourse parser capability on sub-
sequent retrieval and question answering performance.
Parsers used for comparative evaluation are trained on
varying data scales, ranging from 0% to 100%.

RQ6: What drives the performance improve-
ment, relation type labels or tree structure?
Tab 6 To clarify the mechanism underlying DIS-
Retrieval’s improvements, we analyze RST relation
type distributions between full documents and re-
trieved Top-20 nodes on QASPER, as shown in
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Table 6. The near-identical distributions across all
categories confirm that relation type labels carry no
discriminative signal for retrieval correctness, as la-
bels such as Elaboration and Contrast encode struc-
tural connectivity rather than semantic relevance to
a given query. The true driver is the hierarchical
grouping structure induced by RST parsing, which
identifies sentences that naturally form coherent
semantic units across granularity levels. This is
validated by two observations: DISRetrieval con-
sistently outperforms the Bisection baseline that
replaces discourse boundaries with arbitrary binary
splits while keeping all other components identical,
and parser quality directly correlates with down-
stream QA performance as shown in Figure 4. For
retrieval, knowing that a set of sentences forms a
meaningful discourse unit is fundamentally more
informative than knowing the rhetorical label of
their connection.

Elab. List Attr. Evid. Contr. Others

Full Documents 40.95% 10.14% 9.18% 5.95% 5.54% 28.24%
Top-20 Nodes 40.70% 10.28% 8.79% 5.91% 5.77% 28.55%

Table 6: Distribution of RST relation types in full docu-
ments versus retrieved Top-20 nodes on QASPER. The
near-identical distributions indicate that relation type
labels do not correlate with retrieval correctness.

5 Conclusion

In this paper, we presented DISRetrieval, a
discourse-aware hierarchical retrieval framework
that systematically incorporates rhetorical structure
theory into long document question answering. Our
approach features three key innovations: language-
universal discourse parsing, LLM-enhanced node
representations, and structure-aware evidence se-
lection. Comprehensive experiments on QASPER,
QuALITY, NarrativeQA, and MultiFieldQA-zh
demonstrate substantial improvements over exist-
ing methods across varying context lengths, em-
bedding models, generation architectures, and lan-
guages. Ablation studies confirm that discourse
structure provides more principled document or-
ganization than semantic clustering approaches,
with the framework naturally adapting to differ-
ent document types and information needs through
multi-granularity retrieval. Our cross-lingual ex-
periments validate that linguistically-grounded dis-
course structures effectively transcend language
boundaries, demonstrating robust generalization
from English to Chinese documents. Beyond per-

formance improvements, this work demonstrates
that linguistically-grounded approaches remain
valuable in the era of LLMs, offering principled
alternatives to purely data-driven methods. Our
framework opens new directions for incorporat-
ing structured linguistic knowledge into neural re-
trieval systems, with potential applications in legal
document analysis, scientific literature review, and
educational content processing.

Limitations

While DISRetrieval demonstrates substantial im-
provements across multiple datasets and architec-
tures, we acknowledge several limitations that point
to promising future directions. First, our discourse
parser’s performance inherently bounds the overall
system effectiveness, as shown in Figure 4, where
parser quality directly impacts downstream perfor-
mance. However, our language-universal parser,
trained with LLM-based multilingual data augmen-
tation, demonstrates effective cross-lingual gen-
eralization from English to Chinese and consis-
tent cross-genre improvements (research papers,
fiction, movie scripts), showing practical robust-
ness and extensible potential as parsing technol-
ogy advances. While we currently demonstrate
effectiveness on English and Chinese, extending
to more languages would require additional trans-
lated training data through similar augmentation
strategies. We note that the scarcity of suitable
long-document QA datasets in other languages cur-
rently limits broader multilingual evaluation. Fu-
ture work will explore expanding language cover-
age through collaboration with multilingual NLP
communities, developing domain-adaptive parsers,
and investigating multi-granularity discourse anal-
ysis. Second, our adaptive summarization strategy
using threshold τ is relatively simple but proves
effective across diverse document types (τ=0 for
academic papers, τ=50 for narratives). While this
approach successfully balances computational effi-
ciency with representation quality, more sophisti-
cated dynamic thresholding based on content com-
plexity and hierarchical position could further opti-
mize the trade-off. Third, current evaluation met-
rics, though comprehensive across four challeng-
ing datasets spanning multiple languages, may not
fully capture the nuanced benefits of discourse-
aware retrieval, such as structural coherence preser-
vation and hierarchical information flow. We plan
to develop evaluation frameworks that better assess
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discourse-aware retrieval quality across multiple
dimensions and languages. Fourth, from a task
applicability perspective, DISRetrieval is most ef-
fective for long-document evidence retrieval and
question answering tasks that require assembling
multiple evidence pieces, as demonstrated by con-
sistent gains across structured documents such as
scientific papers, unstructured narratives such as
stories and movie scripts, extremely long docu-
ments, and cross-lingual scenarios in our experi-
ments. The method is less suited to short-document
question answering or multi-document retrieval set-
tings, where the structural advantages of discourse
hierarchy are less pronounced and the overhead
of discourse tree construction may outweigh the
retrieval benefits. We regard extending the frame-
work to these settings as a direction for future work.

Ethical Considerations

This research adheres to ethical principles in nat-
ural language processing research and does not
raise significant ethical concerns. Our work fo-
cuses on improving document retrieval and ques-
tion answering systems through discourse-aware
hierarchical modeling, which has potential positive
societal impacts by enhancing information access
and comprehension across multiple languages. The
datasets used in our experiments (QASPER, QuAL-
ITY, NarrativeQA, and MultiFieldQA-zh) are pub-
licly available benchmark datasets that have been
previously vetted by the research community and
do not contain sensitive personal information or
harmful content. Our discourse parsing approach
operates on linguistic structures rather than content
semantics, minimizing risks of bias amplification
or misuse. The language-universal parser is trained
using LLM-based translation for data augmenta-
tion, which may inherit potential biases from the
translation model, though our focus on structural
discourse relations rather than semantic content
helps mitigate such risks. The proposed DISRe-
trieval framework is designed as a general-purpose
retrieval enhancement technique that can benefit
various applications requiring long document un-
derstanding across languages, such as academic
research assistance, educational content process-
ing, and legal document analysis. We acknowl-
edge that like any information retrieval system, our
method could potentially be misused if applied to
spread misinformation or manipulate access to in-
formation, but such concerns are not specific to our

approach and apply broadly to information retrieval
technologies. We encourage responsible deploy-
ment of our system with appropriate safeguards
and human oversight, particularly in high-stakes
applications and cross-lingual scenarios. All ex-
periments were conducted using publicly available
computational resources and open-source tools, en-
suring reproducibility and transparency in our re-
search process.
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A Extension of Technical Details

In this section, we introduce the specific details of
our method which we cannot present in the main
article due to the space limit.

A.1 Discourse Parser Details

The discourse parser architecture builds upon a
transition-based system that constructs discourse
trees through a series of well-defined actions. This
system is particularly effective for capturing both
local and global discourse relationships while main-
taining computational efficiency.

The transition system maintains two primary
data structures: a stack σ that holds partially built
trees, and a queue β that contains unprocessed sen-
tences. This design follows the intuition that dis-
course relationships often exist between adjacent
text spans and can be built incrementally from bot-
tom to top.

The system builds the tree step by step using
three basic operations:

1. A “shift” action moves a sentence from the
queue to the stack when we need new content
to process.
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Dataset Avg. Sentence Length Avg. Mid Node Depth Avg. Leaf Num Avg. Mid Node Percentage / %

SBERT OpenAI SBERT OpenAI SBERT OpenAI

QASPER 22.77 5.37 5.44 12.89 13.61 54.95 66.02
QuALITY 14.64 13.98 17.34 68.84 87.92 74.86 89.95

Table 7: Statistical analysis of retrieved intermediate node characteristics across QuALITY and QASPER datasets.
The table compares various key metrics: Avg. Sentence Length means the average sentence length of all documents;
Avg. Mid Node Depth is the average depth of retrieved intermediate nodes; Avg. Leaf Num represents the average
number of leaf nodes that each retrieved intermediate node maps to; Avg. Mid Node Percentage is the average
percentage of intermediate nodes among the Top-20 retrieved nodes.

2. A “reduce” action combines two adjacent sub-
trees on top of the stack into a new subtree by
identifying their discourse relationship.

3. A “pop root” action concludes the process
when we have successfully built a complete
tree.

Each state of the system is represented as c =
(σ, β), starting from c0 = ([ ], Si) with all sen-
tences in the queue, and ending at cf = ([Ti], [ ])
with a complete discourse tree Ti.

The transition system follows a deterministic
process guided by the neural scoring model:

1. Initialize σ = [ ] and β = Si.

2. While β is not empty or |σ| > 1: (a) If |σ| < 2
and β is not empty, perform a “shift” action to
move the next sentence from β to σ; (b) Else if
β is empty, perform a “reduce” action to com-
bine the top two subtrees in σ; (c) Else, use
the neural scoring model to decide between a
“shift” or “reduce” action based on the current
state of σ and β.

3. Return the single tree Ti remaining on the
stack σ.

The scoring model considers the three topmost
subtrees on the stack (s1, s2, s3) and the next sen-
tence in the queue q1. This design is motivated by
several factors:

1. s1 and s2 are the immediate candidates for the
next potential "reduce" action.

2. s3 provides crucial context about the recently
built structure.

3. q1 helps determine if we should introduce new
content via a "shift" action.

For each tree node v, we compute its representation
hv recursively:

hv =

{
PLM(si), if v is sentence

1
|C(v)|

∑
u∈C(v) hu, if v is relationship

(5)
where C(v) denotes the set of child nodes of v,
and PLM(·) is a pre-trained language model that
encodes the semantic meaning of individual sen-
tences. The action scores are then computed as:

y(a) = W(hs1 ⊕ hs2 ⊕ hs3 ⊕ hq1) + b, (6)

where ⊕ concatenates the representations to cap-
ture their interactions, and W and b are learnable
parameters. The probability of taking action a is
computed using a softmax function over the action
scores:

p(a|c) = exp(y(a))∑
a′∈A exp(y(a′))

, (7)

where A is the set of valid actions at state c. We
train the model using supervised learning with gold-
standard discourse trees. The objective function
combines cross-entropy loss for action prediction
with L2 regularization:

L(θ) = − log p(a∗|c) + λ∥θ∥2
2

, (8)

where a∗ is the correct action derived from gold-
standard trees. During inference, we greedily select
the highest-scoring action at each step, effectively
building the tree in a bottom-up manner while main-
taining the discourse relationships between text
spans.

A.2 Iterative Tree Construction Process
The complete algorithm of our DISRetrieval is
presented in Algorithm 2. Below we detail the
iterative tree construction process, which corre-
sponds to Stage 1 of the algorithm. The construc-
tion of discourse trees for long documents presents
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Figure 5: Illustration of bottom-up LLM enhancement in Phase 2 of discourse tree construction. Top: Input
paragraph with its initial discourse tree structure. Center: Two-way processing strategy based on text length - using
direct concatenation (

⊕
) when combined length is below threshold τ , and LLM-based summarization when above

threshold. Bottom: Enhanced discourse tree with progressively generated semantic summaries following Equation
1, demonstrating the transformation from rhetorical relations to concrete semantic representations.

unique challenges in balancing computational effi-
ciency with structural integrity. We propose an iter-
ative construction strategy that addresses these chal-
lenges through a hierarchical, phase-wise approach.
This method effectively manages computational re-
sources while preserving discourse relationships at
multiple granularity levels. Our iterative process
consists of three distinct phases, each designed to
handle specific aspects of the tree construction:

Phase 1: Paragraph-level Tree Construction.
The first phase focuses on building local discourse
trees for individual paragraphs. For each paragraph
pi containing sentences Si = {si,1, si,2, ..., si,m},
we construct a local discourse tree Ti using our
transition-based parsing system. This phase is par-
ticularly efficient as it:

1. Initializes each paragraph’s parsing state with
an empty stack and sentence queue: c0 =

([ ], Si).

2. Processes paragraphs independently, enabling
parallel computation.

3. Applies transition actions iteratively until a
complete tree is formed.

4. Stores both the resulting paragraph-level tree
Ti and its root representation hTi .

Phase 2: Document-level Tree Construction.
The second phase focuses on capturing document-
level discourse structure. After obtaining all
paragraph-level trees T1, T2, ..., Tn, we:

1. For each paragraph-level tree Ti, apply
bottom-up LLM-enhanced summarization:

• For each non-leaf node v with children
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vl and vr:

v∗ =

{
fLLM(vl, vr), if |vl|+ |vr| ⩾ τ

fmerge(v), otherwise
(9)

where |vl| and |vr| are the textual content
length of child nodes

• Continue until reaching root node to ob-
tain semantic unit ui

2. Form the semantic units set U =
{u1, u2, ..., un} from root representations

3. Apply the discourse parser to these units to
construct a document-level tree Tdoc using the
same transition-based parsing system:

Tdoc = fdiscourse(U) (10)

4. Apply bottom-up LLM-enhanced summariza-
tion to Tdoc:

• For each non-leaf node v ∈ Tdoc with
children vl and vr:

tv =

{
fLLM(tl ⊕ tr), if |tl ⊕ tr| ⩾ τ

tl ⊕ tr, otherwise
(11)

• Process nodes level by level from bottom
to top until reaching the root of Tdoc

This step effectively captures the high-level dis-
course relationships between paragraphs while
maintaining computational efficiency by working
with LLM-enhanced condensed representations at
both paragraph and document levels.

Tree Integration. The final phase integrates the
local and global structures into a unified discourse
tree. This integration is accomplished through a
careful replacement process:

TD = Replace(Tdoc, {(ui, Ti)|i ∈ [1, n]}) (12)

where Replace(·) replaces each unit ui in
the document-level tree with its corresponding
paragraph-level tree Ti. This integration phase care-
fully preserves both local and global discourse re-
lationships by maintaining the internal structure of
paragraph-level trees while retaining the document-
level relationships established in Phase 2, ulti-
mately creating a seamless hierarchical structure
that spans the entire document and effectively cap-
tures discourse relationships at all levels of granu-
larity.

The resulting tree structure effectively captures
discourse relationships at multiple levels of granu-
larity, from sentence-level connections within para-
graphs to broader document-level organizational
patterns. This approach not only ensures computa-
tional efficiency through its phase-wise processing
but also maintains the integrity of discourse rela-
tionships throughout the document hierarchy.

A.3 Detailed LLM Enhancement Process
This section provides a detailed illustration of the
bottom-up LLM enhancement process described in
Phase 2 of our discourse tree construction method-
ology (Section 3.1.2).

A.3.1 LLM Enhancement Workflow
Figure 5 demonstrates the complete workflow of
our LLM enhancement process using a concrete
example from a research paper paragraph. The
process consists of three main components:

Input Structure. The top portion shows the input
paragraph with its initial sentence-level discourse
tree structure. Each sentence is represented as a
leaf node, connected through discourse relations
such as Contrast, List, Summary, and Topic. This
hierarchical structure captures the rhetorical orga-
nization of the paragraph content.

Adaptive Processing Strategy. The center por-
tion illustrates our two-way processing strategy
based on text length thresholds. When the com-
bined length of child nodes (|tl|+ |tr|) falls below
the threshold τ , we apply direct concatenation (

⊕
)

to preserve the original textual details. Conversely,
when the combined length exceeds τ , we employ
LLM-based summarization to generate more con-
cise representations while retaining essential se-
mantic information.

Enhanced Tree Structure. The bottom portion
shows the resulting enhanced discourse tree with
progressively generated semantic summaries. Each
internal node now contains meaningful textual rep-
resentations that capture the essence of its subtree
content. For example, the Contrast relation be-
tween different learning methods is transformed
into the concrete summary "Different learning
methods suit different applications", while main-
taining the hierarchical discourse structure.

A.3.2 Key Benefits
This LLM enhancement process provides several
advantages:
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• Semantic Preservation: Maintains essential
meaning while reducing textual complexity

• Computational Efficiency: Adaptive thresh-
olding prevents unnecessary LLM calls for
short text segments

• Hierarchical Coherence: Preserves dis-
course relationships at multiple granularity
levels

• Downstream Compatibility: Generates rep-
resentations suitable for sentence-level dis-
course parsing

The transformation from abstract rhetorical rela-
tions to concrete semantic representations enables
our framework to effectively bridge the gap be-
tween discourse structure and semantic understand-
ing, facilitating improved retrieval performance in
long document question answering tasks.

B Detailed Experiment Settings

B.1 Dataset Specifications
The QASPER dataset is constructed from NLP re-
search papers, containing questions that require
deep understanding of technical content. All an-
swerable questions are annotated with multiple ref-
erence answers to account for different valid expres-
sions of the same information. The ground-truth
evidence spans are carefully annotated by domain
experts to ensure the reliability of retrieval evalua-
tion.

Dataset Used Set Question Num Doc. Num Avg. words Max. words

QASPER test 1456 416 4170 21,165
QuALITY dev 2086 115 5022 5967
NarrativeQA test 10,577 355 51,372 346,902
MultiFieldQA-zh test 200 200 6701 14918

Table 8: Detailed information of the datasets used in our
experiments.

The QuALITY dataset consists of long passages
primarily drawn from fiction stories and magazine
articles, with an average length longer than typi-
cal QA datasets. Each question is accompanied
by multiple choice options that test comprehensive
understanding of the passage. We utilize the val-
idation set with publicly available labels for our
experiments to enable thorough analysis and com-
parison. Notably, to enable more extensive experi-
mentation, we evaluated on the validation set with
publicly available labels rather than the submission-
required test set.

The NarrativeQA dataset is a significant advance-
ment in evaluating machine reading comprehen-
sion. Unlike traditional datasets that focus on short

passages, NarrativeQA emphasizes understanding
long-form narratives, such as entire books or full-
length movie scripts. One of the defining features
of NarrativeQA is the length of its documents. On
average, each document contains 51,372 words.
Notably, some individual documents extend up to
346,902 words, making it one of the longest read-
ing comprehension datasets available.

The MultiFieldQA-zh Chinese dataset comprises
long-form documents from various sources, in-
cluding legal texts, government reports, encyclo-
pedias, and academic papers, each accompanied
by relevant questions and answers. Compared
to the English documents, the Chinese data ex-
hibits unique linguistic structures, expressions, and
domain-specific terminology, posing higher de-
mands on models’ capabilities for long-text com-
prehension and cross-domain information integra-
tion. In our experiments, we use the test set for
evaluation and comparison. More detailed informa-
tion is presented in Table 8.

B.2 RST-DT Data Translation

To train a cross-lingual discourse parser, we trans-
late the RST-DT training data into Chinese to
augment the available Chinese data. Given the
syntactic and word-order differences across lan-
guages, we perform translation at the sentence
level, which is consistent with our training objec-
tive of sentence-level RST parsing. Sentence-level
translation preserves inter-sentence discourse re-
lations while deliberately ignoring finer-grained
intra-sentence structures, ensuring that the trans-
lated corpus aligns with the granularity at which
our parser operates. We then combine the original
RST-DT data, the sentence-level RST data, and the
Chinese-translated data to form the final training
corpus.

Training Data Test Accuracy / %

English only 50.63
English & Chinese 50.51

Table 9: Parser performance on the English RST-DT
test set under two training configurations. Adding Chi-
nese translated data does not degrade English parsing
accuracy.

For the translation process, we employ the GPT-
4o model. GPT-4o ranked first among all trans-
lation systems in the TransBench benchmark (Li
et al., 2025), surpassing both traditional machine
translation systems and all large language models
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released before 2025, providing strong evidence
for its translation capability. To further validate
translation reliability, we randomly sampled 300
translated sentences for human evaluation, finding
that over 95% of translations were correct. The rare
deviations observed were limited to very short sen-
tences or proper nouns lacking sufficient context,
and such cases have negligible impact on parser
training. To confirm that the augmented Chinese
data does not degrade English parsing ability, we
compare parser performance on the original En-
glish RST-DT test set under two training configura-
tions, as shown in Table 9. The results show that
adding Chinese translated data does not degrade
parser performance, further validating the quality
of the bilingual training corpus.

The prompt is provided below:

Prompt for Translation
System: You are a helpful assistant.

User: Please translate the following sentences
into Chinese. Translate each sentence individ-
ually while preserving the original order, and
return the results in JSON format.
For example:
Original sentences:
1. Sentence 1
2. Sentence 2
3. Sentence 3
Translation:
{1: translated sentence, 2: translated sentence,
...}

Strictly return the output in valid JSON format.
Do not include any additional text, and ensure
that the output can be directly parsed as JSON.

Original sentences: {sentences}

LLM: JSON-formatted Chinese translations.

B.3 Model Specifications

For semantic embeddings, the Sentence-BERT
model (multi-qa-mpnet-base-cos-v1) is based on
the MPNet architecture with 768-dimensional rep-
resentations, specifically optimized for question-
answering tasks. The OpenAI embedding model
(text-embedding-3-large) represents their latest ad-
vancement in semantic representation capabilities.

B.4 Implementation Details

In the discourse analysis process, we preserve sen-
tence boundaries throughout all splitting operations
to maintain semantic coherence. For the RAPTOR
baseline implementation, we follow the original
paper’s collapsed tree approach where all nodes are
considered simultaneously during retrieval. The
tree construction process in our Bisection baseline
ensures a nearly balanced binary structure through
recursive division of the sentence set.

B.5 Experiments Compute Resources

For the training of the sentence-level Discourse
Parser, we used 1 NVIDIA A100-40G GPU. All
other experiments incluing document discourse
parsing, LLM summarization and node embedding,
as well as the retrieval and generation processes,
are conducted using 4 NVIDIA A800-80G GPUs.

B.6 Prompts

We provides the specific prompts used in our ap-
proach to ensure reproducibility.

In the prompt templates: (1) fixed prompts are
displayed in black. (2) Input text is highlighted in
deep red. (3) The retrieved context is colored in
purple. (4) The output generated by the LLM is
presented in green.

Prompt for Intermediate Node Text Sum-
merization
System: You are a helpful assistant.

User: Write a summary of the given sentences,
keeps as more key information as possible.
Only give the summary without other text.
Make sure that the summary no more than
200 words.
Given text: {left child node text} {input child
node text}

LLM: Summerization result.
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Prompt for Question Answering on
QASPER Dataset
System: You are a helpful assistant.

User: Using the following information: {con-
text}. Answer the following question in less
than 5-7 words, if possible. For yes or no
question, only return ’yes’ or ’no’.
question: {question}

LLM: Question Answering result.

Prompt for Question Answering on QuAL-
ITY Dataset
System: You are a helpful assistant.

User: Given context: {context}.
Answer the following multiple-choice ques-
tion:{question}

LLM: The correct answer is (A). The context
provided...

C Extended Experiment Analysis

C.1 Computational Efficiency and Scalability

To evaluate the computational efficiency and scal-
ability of our approach, we conducted compre-
hensive timing analysis across varying document
lengths. We systematically selected documents
ranging from 10,000 to 100,000 words, performed
discourse-aware tree construction and LLM en-
hancement, and measured the computation time for
each process. All experiments were conducted on
a single A800 80G GPU, with LLM enhancement
performed using the LLaMA3.1-8B-Instruct model
accelerated by the vLLM framework. To ensure
statistical reliability, we sampled 10 documents for
each length range and report the average processing
time with standard deviation. The detailed results
are presented in Figure 6.

The processing time for both discourse-aware
tree construction and LLM enhancement exhibits
near-linear scaling with document length, demon-
strating favorable computational complexity for
long documents. Specifically, tree construction for
documents up to 100,000 words requires less than
40 seconds, while LLM enhancement completes
within 140 seconds, confirming practical feasibil-
ity for real-world applications. The linear scaling
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Figure 6: Average processing time of discourse-aware
tree construction and LLM enhancement across varying
document lengths.

behavior indicates that our method maintains con-
sistent per-word processing efficiency regardless
of document length. Moreover, as discussed in
Section 4.3, the size and performance of the sum-
marization model have no significant impact on the
results, which further suggests that our method can
be deployed with a modest computational cost.

Crucially, both tree construction and LLM en-
hancement are query-independent preprocessing
operations performed once per document, allow-
ing costs to be amortized across multiple queries
on the same document. For instance, processing
a 50,000-word document requires approximately
90 seconds of preprocessing but can subsequently
serve unlimited queries with minimal additional
overhead. In practical deployment scenarios where
documents receive multiple queries over time, this
one-time preprocessing cost becomes negligible
compared to the cumulative benefits of improved
retrieval accuracy.

Compared to traditional chunking approaches
that require no preprocessing, our method intro-
duces modest upfront costs but delivers signifi-
cantly better retrieval quality. The preprocessing
overhead is comparable to other hierarchical meth-
ods like RAPTOR, while providing superior perfor-
mance through linguistically-grounded discourse
modeling.

Method 10K words 30K words 50K words 70K words 90K words

RAPTOR 63.4s 194.3s 338.5s 488.0s 611.5s
DISRetrieval 20.3s 68.1s 103.0s 124.4s 159.9s

Speedup 3.1× 2.9× 3.3× 3.9× 3.8×

Table 10: Computational efficiency comparison between
DISRetrieval and RAPTOR using NVIDIA A800 GPU
and LLaMA3.1-8B-Instruct.

To provide a comprehensive evaluation of com-
putational efficiency, we conducted a direct com-
parison between our method and RAPTOR, an-
other preprocessing-based hierarchical retrieval ap-
proach. Both methods were evaluated under identi-
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cal hardware and software configurations to ensure
fair comparison. Specifically, we used a single
NVIDIA A800 GPU with LLaMA3.1-8B-Instruct
as the language model for both discourse tree con-
struction in our method and recursive summariza-
tion in RAPTOR.

We tested both methods on documents of vary-
ing lengths ranging from 10,000 to 90,000 words to
assess scalability. For our method, the total time in-
cludes both discourse parsing and LLM-based node
enhancement. For RAPTOR, the time includes
the complete recursive summarization process that
builds the hierarchical tree structure. As shown in
Table 10, our method demonstrates consistent com-
putational advantages across all document lengths,
achieving approximately 3× speedup compared to
RAPTOR. For instance, processing a 50,000-word
document requires 103.0 seconds for our method
versus 338.5 seconds for RAPTOR, representing a
3.3× speedup. This efficiency advantage becomes
even more pronounced for longer documents, with
speedup factors reaching 3.9× for 70,000-word
documents.

The computational efficiency of our method
stems from two key factors. First, discourse parsing
operates at the sentence level rather than requiring
recursive processing of all text segments, which sig-
nificantly reduces the number of LLM calls needed.
Second, our LLM enhancement process is selec-
tive and targeted, focusing only on internal nodes
that require summarization, whereas RAPTOR per-
forms recursive summarization across all levels of
the hierarchy. Despite this substantial speedup, our
method achieves superior retrieval performance as
demonstrated in Tables 1 2 4, indicating that com-
putational efficiency does not come at the cost of
effectiveness.

It is important to note that both discourse parsing
and LLM enhancement in our framework are query-
independent preprocessing steps performed once
per document. In real-world deployment scenarios
where multiple queries are issued against the same
document collection, these preprocessing costs are
amortized across all queries, making the per-query
computational overhead negligible. This charac-
teristic makes our approach particularly suitable
for applications such as scientific literature review,
legal document analysis, and enterprise knowledge
management, where document collections are rel-
atively stable but query patterns are diverse and
frequent.

C.2 Analysis of Multi-granularity Adaptive
Retrieval

We conducted a thorough statistical analysis to eval-
uate the multi-granularity adaptive retrieval capa-
bility of our method. For each query, we retrieved
the Top-20 nodes from the full discourse-aware
tree, and analyzed the characteristics of retrieved
intermediate nodes across datasets.

Retrieved Node Characteristics Across Datasets.
Table 7 reveals significant differences in the
retrieved intermediate nodes between datasets.
QuALITY exhibits substantially higher values for
intermediate node metrics compared to QASPER:
the average depth of retrieved intermediate nodes is
2.6 times greater with SBERT embeddings (13.78
vs. 5.29) and 3.1 times greater with OpenAI em-
beddings (17.09 vs. 5.53). Similarly, the average
number of leaf nodes that each retrieved intermedi-
ate node maps to is 5.4 times higher with SBERT
(67.67 vs. 12.64) and 6.6 times higher with Ope-
nAI (88.67 vs. 13.37). The percentage of inter-
mediate nodes among Top-20 retrieved results is
also higher for QuALITY across both embedding
methods (73.93% vs. 54.15% with SBERT; 88.53%
vs. 65.13% with OpenAI). These differences ex-
ist despite QASPER having a 50% longer average
sentence length (22.32 vs. 14.86 words).

Distributional Analysis. Figure 7 further illus-
trates these distinctions through distributional anal-
ysis. The sentence length distribution (Fig. 7a)
shows that QuALITY is heavily skewed toward
shorter sentences (5-15 words), while QASPER
has a broader, more even distribution extend-
ing to 40+ words. The node depth distributions
(Fig. 7b,c) demonstrate that retrieved intermedi-
ate nodes from QuALITY frequently reach depths
of 10-15, whereas those from QASPER are pre-
dominantly shallower (depths below 10), consistent
across both embedding methods.

Retrieval Strategy Adaptation. These patterns
reveal how our retrieval approach adapts to dif-
ferent document structures. For narrative fiction
in QuALITY with abundant dialogue and shorter
sentences, the retrieval system favors higher-level
intermediate nodes that aggregate related content,
as evidenced by the higher percentage of interme-
diate nodes and greater node depths. This suggests
that hierarchical composition is particularly bene-
ficial for documents where meaning is distributed
across multiple short sentences. In contrast, for
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research papers in QASPER with longer, more self-
contained sentences, the retrieval system relies less
on deep hierarchical structures, as shown by the
shallower node depths and lower percentage of
intermediate nodes. This indicates that relevant
information in scientific documents can often be
retrieved effectively with less compositional pro-
cessing.

These findings empirically validate that our ap-
proach effectively adapts to diverse document struc-
tures and information needs. Our discourse-aware
tree construction naturally induces appropriate
segmentations based on document characteristics
rather than arbitrary chunking, enabling multi-level
text composition that overcomes the limitations of
fixed-granularity methods. Through these mecha-
nisms, DISRetrieval provides a multi-granularity
retrieval framework that adaptively selects appro-
priate granularity levels across different document
types, accommodating their inherent structural vari-
ations.
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Figure 7: Comparative analysis of distribution differ-
ence of two datasets. Figure (a) shows the difference
on Sentence Length, while (b) and (c) demonstrate the
distribution of retrieved intermediate node depth across
different embedding models.

C.3 Ablation study on different Top-K
settings

We conduct comprehensive experiments to investi-
gate the impact of varying the value of K from 1
to 20, with results presented in Figure 8.

Our analysis reveals several noteworthy patterns:

Performance Trends. Across all configurations,
performance initially improves as K increases, typ-
ically peaking around K = 5 (marked by the ver-
tical dashed line), after which it either plateaus,
gradually declines, or exhibits minor fluctuations.
This consistent pattern suggests an optimal balance
point where sufficient context is provided without
introducing excessive noise.

Dataset-Specific Behaviors. QuALITY demon-
strates more pronounced performance variations
with changing K values compared to QASPER,
with performance differences of up to 2 percentage
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Figure 8: Ablation results with different values of K.
The horizontal axis represents different choices of K,
and the vertical axis indicates generation performance
(F1-match for QASPER and accuracy for QuALITY).
All question answering tasks are conducted on the
UnifiedQA-3B model.

points between optimal and suboptimal settings.
This higher sensitivity likely reflects QuALITY’s
more complex narrative structure, where precise
evidence selection is particularly crucial.

Context Length Impact. Longer context win-
dows (300 and 400 words) consistently outperform
shorter ones (200 words) across all K values. No-
tably, the performance advantage of longer con-
texts is most significant when K is small. This
suggests that when the system retrieves fewer ev-
idence segments, the comprehensiveness of each
individual segment becomes critical, as the model
must extract all necessary information from a lim-
ited number of passages.

Based on these observations, we adopt K = 5
as our optimal setting for all main experiments, as
it consistently delivers strong performance across
datasets and embedding methods while maintaining
computational efficiency.
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Figure 9: Ablation results with different values of τ
across three datasets. Sentence-BERT is used as the
embedding model and UnifiedQA-3B as the question-
answering model, with a context length of 400 words.
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C.4 Ablation study on parameter τ across
different datasets

Equation 1 employs a threshold parameter τ to
decide whether use an LLM for summarization or
directly merge the subtree. To assess the impact of
this parameter and identify the optimal settings, we
conduct experiments on three datasets. The results
are shown in figure 9.

Performance Trends. For QASPER, the F1
score is highest when τ = 0 and gradually declines
as τ increases, indicating that summarization is
more beneficial than direct merging sentences of
subtrees. In contrast, QuALITY and NarrativeQA
reach their peak performance at τ = 50 and gradu-
ally decline afterward, only approaching the level
observed at τ = 0 when τ reaches 300 and 200
respectively, suggesting that a moderate merging
strategy is essential for these datasets.

Dataset Analysis These results are consistent
with the characteristics of the datasets. QASPER
consists of academic papers, where sentences are
relatively independent and logically complete. So
keeping sentences as the minimal unit allows for
more precise information extraction. In contrast,
QuALITY and NarrativeQA mainly contain nov-
els and movie scripts, which include numerous
dialogues and short sentences that require a rela-
tively complete context to convey the correct se-
mantics. For these two datasets, merging subtrees
based on rhetorical structure parsing results enables
logically related sentences to form more coherent
text segments, preventing semantic fragmentation.
At the same time, moderate merging is crucial, as
excessively long text segments may introduce re-
dundancy. Therefore, we set τ = 0 for QASPER,
τ = 50 for QuALITY and NarrativeQA respec-
tively. This can also provide guidance for other
datasets: for documents with more formal and com-
plete sentences, smaller τ values are preferable,
whereas for documents with shorter and more frag-
mented sentences, relatively larger τ values should
be used.

C.5 Illustrative Example of Discourse-Guided
Evidence Retrieval

To illustrate how discourse structure guides evi-
dence selection in an intuitive manner, we present
a concrete example in Figure 10. Sentences 4 and
5 jointly answer the query and are organized under
the same internal node List 2 in the discourse tree.

Query.
What NLP technologies does the system use?

Document Discourse Tree.
ROOT
+-- (Topic)

+-- (List 1)
| +-- 1. In this report we present a system that can
| | generate political speeches for a desired
| | political party.
| +-- 2. Furthermore, the system allows to specify
| whether a speech should hold a supportive
| or opposing opinion.
+-- (Elaboration)

+-- 3. The system relies on a combination of several
| NLP methods which are discussed in this report.
+-- (List 2)

+-- 4. These include n-grams, Justeson&Katz POS
| tag filter, recurrent neural networks, and
| latent Dirichlet allocation.
+-- 5. Sequences of words are generated based on

probabilities obtained from two underlying
models: a language model takes care of
grammatical correctness while a topic model
aims for textual consistency.

Sentences 4 and 5 jointly answer the query and
are organized under the same internal node List
2 in the discourse tree. The hierarchical retrieval
mechanism identifies this intermediate node and
retrieves both sentences together as complemen-
tary evidence. Flat chunking methods may split
sentences 4 and 5 into separate chunks depending
on the chunk boundary, while semantic clustering
methods may separate them due to surface-level
lexical differences despite their shared discourse
function. This example demonstrates that discourse
structure captures the grouping of semantically re-
lated sentences in a linguistically principled man-
ner, enabling more complete and coherent evidence
retrieval than methods based solely on fixed bound-
aries or surface similarity.

Figure 10: An illustrative example of discourse-guided
evidence retrieval. Given the query What NLP tech-
nologies does the system use?, sentences 4 and 5 are
grouped under the same discourse node List 2 and re-
trieved together as complementary evidence, whereas
flat chunking and semantic clustering methods may fail
to preserve this grouping.

The hierarchical retrieval mechanism identifies this
intermediate node and retrieves both sentences to-
gether as complementary evidence. Flat chunking
methods may split sentences 4 and 5 into separate
chunks depending on the chunk boundary, while
semantic clustering methods may separate them
due to surface-level lexical differences despite their
shared discourse function. This example demon-
strates that discourse structure captures the group-
ing of semantically related sentences in a linguisti-
cally principled manner, enabling more complete
and coherent evidence retrieval than methods based
solely on fixed boundaries or surface similarity.
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Algorithm 2: DISRetrieval: Discourse Structure-based Long Document Retrieval

Input: Document D containing sentences Si, paragraphs Pi; Query q
Output: Retrieved evidence segments E
/* Stage 1: Discourse-Aware Tree Construction */
for each paragraph Pi ∈ D do

Initialize stack σ and sentence queue β ← Si;
while β not empty OR |σ| > 1 do

/* RST parsing operations */
at ← Select action from {shift, reduce, pop_root}; // Determine next parsing action
switch at do

case shift do
Move next sentence from β to σ; // Add new sentence to stack

end
case reduce do

s2, s1 ← Pop top two elements from σ;
Determine discourse relation r between s1 and s2; // Using RST relations
Create new node with relation r;
Push new node to σ;

end
case pop_root do

Final tree node← Pop from σ; // Complete the tree
end

end
end
Ti ← Resulting discourse tree;
/* LLM Enhancement for Paragraph Tree */
for each non-leaf node v ∈ Ti (bottom-up order) do

vl, vr ← Get left and right children;
if |vl|+ |vr| ≥ τ then

v∗ ← fLLM(vl, vr); // Generate concise summary using LLM
else

v∗ ← fmerge(v); // Merge the subtree rooted at v
end

end
Store root text representation tiroot for Ti;

end
Initialize stack σ and queue β ← {t1root, ..., t

n
root};

while β not empty OR |σ| > 1 do
/* Similar RST parsing at document level */
Apply RST parsing operations as in Phase 1;
Build document tree Tdoc;

end
/* Stage 2: Node Representation */
for each non-leaf node v ∈ Tdoc (bottom-up order) do

tl, tr ← Get content from left and right children;
if |tl|+ |tr| ≥ τ then

tv ← fLLM(tl, tr); // LLM-based enhancement for document-level nodes
else

tv ← tl ⊕ tr ; // Direct concatenation for short text, don’t need to merge subtree
end

end
TD ← Replace leaf nodes in Tdoc with corresponding Ti; // Integrate trees into unified structure
for each node v ∈ TD do

ev ← Encoder(tv); // Generate dense vector representations
end
/* Stage 3: Hierarchical Evidence Retrieval and Selection */
eq ← Encoder(q); // Transform query to embedding space
scores← {}, E ← {};
for node v ∈ TD do

scores[v]← cosine(eq, ev); // Compute relevance scores
end
Apply Algorithm 1 for evidence selection;
return E
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