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Abstract

Long document understanding has become increasingly crucial in natural lan-
guage processing, with retrieval-based methods emerging as a promising solu-
tion to address the context length limitations of large language models (LLMs).
However, existing approaches either treat documents as flat sequences or employ
arbitrary chunking strategies, failing to capture the inherent discourse structure
that guides human comprehension. We present DISRetrieval, a novel hierarchical
retrieval framework that leverages linguistic discourse structure to enhance long
document understanding. Our approach introduces three key innovations: (1) a
discourse-aware document organization framework that utilizes rhetorical structure
theory (RST) to create sentence-level hierarchical representations, preserving both
semantic relationships and natural document flow; (2) an LLM-enhanced node
representation technique that combines discourse structure with adaptive summa-
rization to enrich tree nodes with contextual information; and (3) a hierarchical
evidence retrieval mechanism that effectively selects relevant content while main-
taining discourse coherence. Through comprehensive experiments on QASPER
and QuALITY datasets, DISRetrieval demonstrates substantial improvements over
existing methods in both token-level retrieval metrics and downstream question
answering tasks. Our ablation studies confirm that incorporating discourse structure
significantly enhances retrieval effectiveness across different document lengths
and query types, validating the importance of linguistically-informed document
representation in long-text understanding.

1 Introduction

Comprehending natural language documents is a fundamental task in natural language understanding
[32]. With the increasing granularity and complexity of textual data, long document understanding
has gained significant attention [3} [18]]. Large language models (LLMs) have shown remarkable
effectiveness for this task [8]. However, they still struggle with the challenges of memory constraints
and restricted context lengths [4) 28]. Retrieval-based methods are a promising solution to these
challenges [22}[15]]. These methods first split long documents into small pieces and then use a retrieval
model to select the most relevant evidence, thereby easing the burden of long-context reasoning for
LLMs [39,42]]. The document splitting strategy is a critical factor that determines both the granularity
of evidence selection and the effectiveness of the retrieval model.

The straightforward document splitting method is to segment a full document into a sequence of
flattened pieces [21}123]. However, it fails to capture the inherent structural relationships and semantic
dependencies that exist within the long document, leading to suboptimal retrieval performance [26}[7].
To this end, several researchers have attempted various strategies to decompose long documents
hierarchically, as illustrated in Figure Il The most representative work is RAPTOR [31]], which

Submitted to 39th Conference on Neural Information Processing Systems (NeurIPS 2025). Do not distribute.



37
38
39
40

41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60

61
62
63
64
65
66
67
68
69
70
71
72

73
74
75
76
77
78
79
80
81
82

83

84
85
86
87
88
89
90
91

constructs a hierarchical tree for document organization through bottom-up semantic clustering.
Additionally, an alternative bisection tree approach can be used, which only builds hierarchies
between adjacent pieces to retain the original order of segmented pieces. Preliminary studies show
that these tree-structure decomposition strategies are more effective for long document understanding.

Despite significant achievements in tree-based 3

document organization, these methods generally (1) ()
ignore the real linguistically-informed discourse -

structures. Consider a document where the first =i

sentence serves as a topic statement, followed Document (2) Flat

by contrasting ideas (sentences 2-3), parallel
supporting evidence (sentences 4-5), and a con-
cluding statement (sentence 6). None of the
previous retrieval-based methods have aligned
with these types of knowledge structures. These
discourse relationships naturally capture how

humans organize and comprehend information
in documents, making them particularly suitable
for long document retrieval [13, 9, 33]. This Figure 1: Comparison of document modeling ap-
discourse-centric perspective not only aligns proaches for long-text retrieval. Numbers (1-6)
with human cognitive processes but also pro- ghow sentence order in original document, with
vides a more principled approach to document  similar colors indicating semantic relationships.
segmentation and representation compared to  Four approaches are compared: (a) Flat sequential
arbitrary chunking or purely semantic clustering modeling, (b) Bottom-up semantic clustering of
methods [[17, [12}134]. RAPTOR, (c) Bisection-based adjacent grouping,
and (d) Our discourse-aware DISRetrieval that pre-
serves both semantic and discourse structures.

(b) Cluster (c) Bisection (d) Discourse

In this work, we present the first approach that
utilizes discourse information for retrieval-based
long document understanding. Specifically, we propose DISRetrieval, which leverages rhetorical
structure theory (RST) to organize long documents for retrieval. RST is a well-established discourse
representation paradigm, using a hierarchical constituent tree to indicate the discourse structure of a
document. The original RST exploits discourse-specific units as the bottom textual nodes. To better
adapt our long document understanding, we ignore the inside-sentence discourse relationships, using
only inter-sentence discourses. Thus, first we convert the original RST trees into sentence-level trees,
and train an off-the-shelf RST model [38]. Second, we augment the non-leaf RST relation nodes
with textual descriptions using an LLM agent. Finally, we construct an embedding tree based on the
RST structure and employ it for query-based evidence retrieval to support LLM reasoning in long
document understanding.

We conduct experiments on two benchmark datasets, QASPER [10] (a research paper QA dataset)
and QuALITY [27] (a long-form reading comprehension dataset), to evaluate the effectiveness of
our method. Results demonstrate that our approach significantly outperforms existing methods
across various metrics. Specifically, our model achieves substantial improvements in both token-
level retrieval metrics and downstream question answering tasks. Ablation studies validate the
effectiveness of our discourse-aware tree construction and hierarchical retrieval mechanism, showing
consistent gains over traditional chunking-based methods and flat retrieval approaches. These results
demonstrate that our discourse-aware framework successfully captures both fine-grained semantic
details and document-level patterns, while providing an effective solution for information propagation
across different granularity levels in the hierarchy.

Our main contributions can be summarized as follows:

* We propose a novel discourse-aware hierarchical framework that leverages sentence-level
discourse analysis to create semantically coherent document representations without relying
on arbitrary chunking strategies.

* We develop an innovative bottom-up node representation technique that effectively combines
discourse structure information with LLM-based semantic enhancement.

* Extensive experiments on two challenging datasets demonstrate significant improvements
over existing methods, with up to 4% gains in retrieval metrics and consistent performance
advantages across different model architectures.
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2 Related Works

Document Comprehending. Recent advances in natural language processing have revolutionized
document processing and understanding [35} 140l 13]. While LLMs have demonstrated impressive
capabilities, they face limitations due to context length constraints and memory bottlenecks [} (8,
11, [1]]. Traditional approaches often struggle with long-form content, as they typically operate on
short text segments without considering the broader document context [23} |14} 30]. Dense retrieval
methods, particularly DPR [21]], have shown promising results on passage-level tasks but encounter
challenges when scaling to long documents where understanding the overall structure becomes
crucial [22}[15]]. Several innovative approaches have emerged to address these limitations - SEER
focuses on extracting key information without conventional chunking [43]], while CFIC explores
chunking-free in-context retrieval [29]. These developments highlight the ongoing evolution in
document comprehension strategies, particularly for handling extended textual content [36} |20, [39].

Retrieval-based Methods. The retrieval-based paradigm has emerged as a promising solution
for long document understanding, fundamentally operating by first segmenting documents into
manageable pieces before retrieving the most relevant evidence for downstream tasks [22} 21,
150 [19]. While basic approaches rely on flat sequential splitting, this method fails to capture the
inherent structural relationships and semantic dependencies within documents [16, |3} [40]. More
sophisticated tree-based organization methods have been developed, with RAPTOR leading the way
through its implementation of bottom-up semantic clustering [31]. Alternative approaches include
bisection-based methods that maintain local coherence by grouping adjacent segments [41} [18]].
Recent work has also explored hybrid hierarchical retrieval (HHR) and dense hierarchical retrieval
(DHR), establishing connections between document-level and passage-level representations for more
contextually informed retrieval [2, [24]. However, these methods generally overlook the linguistic-
informed discourse structures naturally present in documents [37,[25]], leaving room for improvement
in capturing document organization.

3 Methods

Retrieval-based methods have emerged as a promising solution for long document understanding,
where the core idea is to first split documents into smaller pieces and then retrieve the most relevant
evidence for downstream tasks. The most straightforward approach is to segment documents into flat-
ten sequences. However, this approach cannot effectively capture the inherent structural relationships
and semantic dependencies within long documents, resulting in suboptimal retrieval performance.
Tree-based document organization methods provide enhanced document representation capabilities.
Representative works like RAPTOR construct document hierarchies through bottom-up semantic
clustering, while bisection-based approaches group adjacent segments to preserve local coherence.
While these methods show improvements, they generally overlook the linguistic-informed discourse
structures that naturally exist in documents.

We propose DISRetrieval, a discourse-aware retrieval framework that explores incorporating discourse
structure into document retrieval. As a case study, we investigate the use of RST, a well-established
discourse representation paradigm, to demonstrate how linguistic structures enhance document
organization and retrieval effectiveness. By leveraging discourse relationships that reflect how
humans organize and comprehend information, our framework maintains semantic coherence and
structural integrity throughout the retrieval process, as illustrated in Figure 2} The algorithm of our
approach is detailed in Algorithm [2]in Appendix [C}

3.1 Discourse-Aware Tree Construction

The first stage of our framework aims to construct a hierarchical tree structure that captures semantic
content and organizational structure of documents. We leverage discourse analysis to identify
meaningful relationships between text segments and organize them into a coherent tree representation.

3.1.1 RST Basics

RST provides a systematic framework for analyzing discourse structure in texts. An RST tree is a
hierarchical representation where leaf nodes are text spans and internal nodes represent discourse



142
143
144
145

146
147
148
149
150
151
152

153

154
155
156
157
158

160
161
162
163
164
165
166

167

168

169
170

K Stepl: Discourse-Aware Tree Construction \

1. Paragraph-level Tree Construction 2. Document-level Tree Construction
Paral ° A
%
. Discourse D 2 : y Discourse _o
Paran Parser en;Iz;nce d \ 3 Parser
R - 4R - - A)
Long
Document Sentence Paragraph-level LLM-Enhanced Node Root Text Representation
\ Splitting Discourse Tree Text Representation of all paragraphs /
/ Step3: Hierarchical Evidence Retrieval and Selection Step2: Node Representation Boﬂnm—h
LLM-
y hanced
. Embedding Tree , Query chance
Evidence l \ 4 S v
Leaf TopK e < @ < ‘{;) A\
@  Selection @ L Encoder | €= © ¢ 7 &= °/ by
-« o <« <« — ARNAN ‘s
6 > /\
N ot 6> 2. Embedding
N Generation 1. Tree Integration
2. Structure-Aware -~ -~ 1. Multi-level Evidence (- — ~
Evidence Selection Retrieval I O Relationship Node without Text Information Node with Text Information
K | Embedding Representation of the Node () Retrieved Evidence J

Figure 2: Overview of the DISRetrieval framework. The framework consists of three main steps: (1)
Discourse-Aware Tree Construction that builds a hierarchical discourse structure through two phases:
constructing paragraph-level discourse trees via discourse parsing, and generating document-level
tree with LLM-enhanced node representations; (2) Node Representation that integrates the trees and
converts text content into dense vector representations via an encoder; (3) Hierarchical Evidence
Retrieval and Selection that performs multi-level evidence retrieval and structure-aware selection to
identify relevant text segments.

relations between their children. These relations can be either mononuclear, where one span (the
nucleus) is more central to the purpose of the writer than the other (the satellite), or multinuclear,
where multiple spans are equally important. Common discourse relations include List, Contrast,
Summary, and so on, which capture different ways that text segments relate to and support each other.

RST parsing is the task of automatically constructing RST trees from input text. Modern RST parsers
typically employ neural networks to identify discourse boundaries and classify relations between text
spans. These parsers first segment the text into elementary discourse units (EDUs), then incrementally
build the tree structure by determining the relations between adjacent spans and combining them into
larger discourse units. EDUs are the minimal building blocks in RST analysis, typically representing
sub-sentence segments such as clauses. These fine-grained units serve as the leaf nodes of RST trees
and form the basis for identifying discourse relationships in text.

3.1.2 Sentence-level Adaptation

While EDU-level discourse analysis provides fine-grained discourse structure, operating at the
sentence level offers several advantages for long document understanding. First, sentences represent
complete semantic units that maintain better coherence and interpretability compared to sub-sentence
EDUs. Second, sentence-level segmentation significantly reduces computational complexity while
preserving essential discourse relationships. Third, sentences align better with downstream retrieval
tasks where the goal is to identify relevant text segments that can stand independently as evidence.

To enable sentence-level discourse analysis, we train a specialized discourse parser through the
following process: (1) We merge EDUs belonging to the same sentence into single units from existing
EDU-based discourse datasets. (2) For adjacent sentences, we determine their discourse relationship
by identifying the lowest common parent node in the original EDU-based discourse tree. (3) We
preserve these extracted relationships in a new tree structure with complete sentences as basic units.
This conversion process allows us to train a parser fgiscourse that directly operates on sentence-level
relationships while maintaining the essential discourse structure of texts.

Our core innovation lies in how we construct the document-level discourse tree through a two-phase
iterative process that effectively preserves discourse relationships at multiple granularity levels:
Phase 1. Paragraph-Level Tree Construction. The initial phase processes each paragraph p; by

transforming its sentence sequence S; = {s; 1, $i,2, .-, Si,m } into a local discourse tree:

Ti = fdiscourse(si)7 (1)
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Figure 3: 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
7, and LLM-based summarization when above threshold. Bottom: Enhanced discourse tree with
progressively generated semantic summaries following Equation 2] demonstrating the transformation
from rhetorical relations to concrete semantic representations.

where each tree captures how sentences connect and build upon each other within its respective
paragraph, reflecting both semantic relationships and logical flow between adjacent sentences.

Phase 2. Document-Level Tree Construction. The second phase obtains root text representation
of paragraphs through bottom-up LLM enhancement. Since our discourse parser operates at sentence
level, LLM enhancement helps simplify paragraph content into more manageable representations.
For each internal node v in the paragraph-level trees, we generate its text content according to:

o Jum(ty, tr), if |t + [t > 7
Y t Pt otherwise

@)

where t; and ¢, are the text content of left and right children nodes. This adaptive summarization
strategy reduces the complexity of multi-sentence content into more concise forms, making it more
suitable for our sentence-level discourse parser. These root representations then serve as input for
constructing the document-level discourse tree:

142
Taoc = fdiSCOHrSC({trool’ trootv ) t:éot})' &)
As illustrated in Figure [3] this approach transforms rhetorical relations into concrete semantic
summaries that effectively represent the content at different levels of the discourse hierarchy.

3.2 Node Representation

After obtaining both paragraph-level and document-level discourse trees from the previous construc-
tion process, we enhance the semantic representations of internal nodes through bottom-up LLM
processing, integrate the enhanced trees into a unified hierarchical structure, and finally generate
dense node embeddings to facilitate efficient semantic retrieval.
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Algorithm 1: Hierarchical Evidence Retrieval and Selection

Input: Query g, discourse tree 7", maximum evidence size K, leaf selection size k

Output: Evidence set E/

/+ Stage 1: Multi-level Evidence Retrieval x/
eq < Encoder(q) ; // Transform query to embedding space
scores <— {}, E < {};

for node v € T do

| scores[v] « cosine(eq, ey ) ; // Compute similarity scores
end
Vianked <— sort(scores, descending = True) ;
/+ Stage 2: Structure-aware Evidence Selection */
used_leaves < {} ; // Track selected leaves

for v € Viuukea do

if v is leaf node then

if v & used_leaves then

E +— EU{v}; // Direct selection of relevant leaves
used_leaves < used_leaves U {v}

end

else
L, + get_leaves(v) ; // Get all leaves from subtree
L:J < L, \ used_leaves ; // Remove already selected leaves

if |[L7,| > O then

Liopk «— top_k(L?,, scores, k) ; // Leaf TopK Selection
E <+ EU L :
used_leaves <— used_leaves U Lopk
end
end
if |E| > K then
| break
end
end
return £

LLM Enhancement. The document-level discourse tree 7o, contains only discourse relationships
at internal nodes. To obtain semantic representations for these nodes, we apply bottom-up LLM
enhancement following Equation 2] similar to the paragraph-level process. This enhancement ensures
that all nodes in the tree have meaningful semantic representations.

Tree Integration. After enhancing the document-level tree Tj,., we perform tree integration to
combine it with all paragraph-level trees 7; into a unified discourse structure. The integration process
is straightforward: each leaf node in Ty, is replaced with its corresponding paragraph-level discourse
tree 77}, resulting in our final integrated tree Tp. This hierarchical structure effectively preserves both
local sentence relationships within paragraphs and global discourse connections across the document.

Node Encoding. To enable efficient retrieval, we transform the discourse tree into an embedding
tree structure using an off-the-shelf pre-trained sentence encoder. The resulting embedding tree
preserves both the hierarchical structure and semantic information of the original discourse tree,
making it suitable for downstream semantic matching tasks.

3.3 Hierarchical Evidence Retrieval and Selection

Our hierarchical evidence retrieval process introduces a novel structure-aware selection mechanism
that leverages both local and global discourse information. Our approach combines:

* Direct selection of highly relevant leaf nodes
* Indirect selection through relevant internal nodes
¢ Automatic redundancy elimination via tree structure

Specifically, our algorithm first encodes the input query and computes similarity scores with all tree
nodes. Then it processes nodes in order of decreasing relevance: leaf nodes are selected directly
if highly relevant, while for internal nodes, we identify and select the most relevant unselected
leaves from their subtrees. This process continues until we reach the desired evidence set size,
ensuring both local relevance and structural coherence. The complete retrieval process is illustrated
in Figure[2] demonstrating how evidence is gathered from different levels of the discourse tree. For
implementation details, we refer readers to Algorithm [T}
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4 Experiments

4.1 Experimental Setup

Datasets and Evaluation Metrics. We evaluate our approach on two challenging long document
QA datasets: QASPER [[10] for research paper understanding and QuALITY [27] for long-form
reading comprehension. For QASPER, we use F1-Match for QA performance and token-level
F1/Recall for retrieval evaluation. For QuALITY, we report accuracy as the primary metric. To ensure
fair comparison, we fix the total length of retrieved context across all methods.

Baselines. We evaluate our approach against several strong retrieval baselines:

* Flatten-chunk splits articles into chunks of maximum 100 words while preserving sentence bound-
aries for semantic coherence.

* Flatten-sentence adopts sentence-level splitting and direct retrieval, providing a direct comparison
baseline for our hierarchical approach.

* RAPTOR constructs a semantic tree through recursive embedding, clustering, and summarization,
with retrieval performed on a collapsed tree structure following Sarthi et al. [31]].

* Bisection shares our LLM-enhanced representations and hierarchical retrieval mechanism but
uses a different tree construction method - recursively dividing sentence set into balanced binary
subtrees. This baseline helps isolate benefits of our discourse-aware tree structure.

Implementation details. For discourse analysis, we construct our sentence-level RST training
data based on RST-DT [6]. We then train our discourse parser following Yu et al. [38]], adopting
XLNet-base-cased as the pre-trained language model backbone. All summarization tasks, including
both our approach (as defined in Equation [2) and RAPTOR baseline, utilize Llama3.1-8B-Instruct
for consistency. We set the temperature parameter 7 in Equation [2]to 0 for QASPER and 100 for
QuALITY in our LLM enhancement process. For sentence encoder (Section §3.2)), we experiment
with both Sentence-BERT['|and the latest embedding model of OpenAIP|to evaluate the effectiveness
of our method across different representation spaces. The Top-K parameter in leaf selection is
set to 5 based on preliminary experiments (detailed in Appendix [E.2). For generation models, we
employ UnifiedQA-3B, GPT-4.1-mini and Deepseek-v3 to demonstrate the robustness of our retrieval
improvements across different generation capabilities. More details are provided in Appendix

4.2 Main Results

Generation Performance. We conduct extensive experiments across different context lengths
(200-400 words) and embedding models (SBERT and OpenAl). The results are shown in Table [T}
comparing our approach with baselines on QASPER and QuALITY datasets.

Our experimental results demonstrate three key findings:

First, DISRetrieval consistently outperforms all baseline methods across different experimental
settings. With 400-word contexts utilizing UnifiedQA-3B, it achieves substantial improvements
over the flatten-sentence baseline (40.25% vs. 37.99% F1-Match on QASPER; 58.91% vs. 55.27%
accuracy on QUALITY). These performance advantages remain robust and consistent across various
generation models (UnifiedQA-3B, GPT-4.1-mini, and Deepseek-v3).

Second, compared to the tree-based RAPTOR baseline, DISRetrieval shows clear advantages. Using
OpenAl embeddings with 300-word context, our method achieves 40.24% F1-Match versus RAPTOR
of 39.96% on QASPER, demonstrating that incorporating linguistic discourse structure is more
effective than purely relying on semantic-based clustering for document organization.

Finally, ablation studies with the Bisection variant highlight the importance of discourse structure in
our approach. While Bisection improves over flatten-based methods through hierarchical modeling, it
consistently underperforms the full DISRetrieval implementation across all settings. This empirically
confirms that the integration of linguistic-informed discourse structure provides substantial benefits
beyond simple hierarchical organization for long document understanding.

!multi-qa-mpnet-base-cos-v1, https://huggingface.co/sentence-transformers/multi-qa-mpnet-base-cos-v
2OpenAl text-embedding-3-large
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Table 1: Generation performance comparison of different methods under varying retrieved context
lengths (200-400 words) and different embedding models (SBERT: s, OpenAl: o) across two datasets.
Best results are bolded, runner-ups are underlined.

Method F1-Match (QASPER) / % Accuracy (QuALITY) / %
200(s) 200(o) 300(s) 300(o) 400(s) 400(o) 200(s) 200(0) 300(s) 300(o) 400(s) 400 (o)

UnifiedQA-3B

flatten-chunk 3397 3750 3541 3846  36.13 39.03 5297 5628 5446  57.53 5523  57.62
flatten-sentence ~ 35.16  38.43 3724 3931 37.99  40.06 53.16  56.04 5455  56.71 5527 5738

RAPTOR 33.57 37.46 34.95 39.96  37.00 39.53 53.60 5599  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  37.26  38.91 3883 40.24 40.25 4080 5599 58.68 58.05 59.20 5891  60.79
GPT-4.1-mini

flatten-chunk 3737 41.13 4138 4334 4272 4478  60.16 6577  63.66 6927  67.69  71.05
flatten-sentence ~ 39.82  43.08  41.84 4528 4244 4578  60.12 6443  63.09 6668 6524  69.94

RAPTOR 37.55  40.88 39.95 4326 4250  43.85 61.31 64.77 63.81 67.79 67.26  70.71
Ours
Bisection 4098  43.12 4274 4454 4349 4569  63.71 67.88 65.68 70.71 67.93 72.00

DISRetrieval ~ 41.04 4347  42.58 4547 4452 4597  63.71 68.79 66.87 7143  69.51 73.20
Deepseek-v3
flatten-chunk 35.29 38.14 37.99  40.78 4057 4226 @ 65.68 71.52  69.65 75.02 7325 76.56

flatten-sentence ~ 36.51 39.27 39.41 41.57 40.82  43.04 6414 6874 6841 72.24 69.65 73.63

RAPTOR 34.66  37.84 3730  40.50  39.77  42.17 65.53 69.13 68.65 7224 71.19 7522
Ours
Bisection 37.28 39.27 39.80 41.81 4096 4357 67.83 71.09  70.81 74.40 7339 76.94

DISRetrieval ~ 37.44  40.01  40.28 4210 41.86 43.21 6836 72,53 71.62 7550 73.68 77.42

Table 2: Token-level F1 and Recall scores for retrieved contexts on the QASPER dataset across
different methods using SBERT and OpenAl embedding model. Best results are bolded and runner-
ups are underlined.

Method 200 (SBERT) 200 (OpenAlI) 300 (SBERT) 300 (OpenAl) 400 (SBERT) 400 (OpenAl)
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 2191 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 ~ 28.45 61.28 30.29 64.92 24.67 68.25 26.05 71.62 21.70 73.09 22.63 75.77

Retrieval Performance. We evaluate the retrieval effectiveness of DISRetrieval on the QASPER
dataset using token-level F1 and Recall metrics. The results in Table[2]demonstrate three key findings:

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

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

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

4.3 Discussions

RQ1: Is the hierarchical retrieval strategy effective? Figd| In Section[3.3] we propose a carefully
designed hierarchical retrieval strategy composed of multiple sub-steps and associated methods. To
assess the contribution of each component, we conduct ablation experiments on the QUALITY dataset
to validate the effectiveness of each component in our hierarchical retrieval strategy. As shown in
Figure[d we compare five variants: leaf-only baseline, summary-based retrieval, all filtered-leaves,
Top-K with ranking order, and our final Top-K with original order.

The results reveal three key insights: (1) First, using summaries of intermediate nodes performs worse
than the leaf baseline, indicating that preserving original text details is crucial. (2) Second, while
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using all filtered leaves shows slight improvements, it is less effective than selective Top-K methods
due to noise from irrelevant content. (3) Most importantly, our Top-K origin method, which preserves
the natural document flow, consistently achieves the best performance across all settings. This
advantage becomes more pronounced with longer contexts and better embeddings, demonstrating
that maintaining document structure is essential for effective retrieval.

ool o, Table 3: Effect of different LLMs for node text enhancement on
All Filtered-leaves QASPER dataset retrieval performance (token-level F1 and Recall)

across varying context lengths (200, 300, and 400 words).

554 [_1 [_"

200 300 "
(a) QUALITY (SBERT) 200 300 400

60

U

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

Llama-3.1-8B 2845 6128 2467 6825 2170  73.09
" p " Qwen25-7B 2832 61.09 2475  68.11 2169 7253
(b) QUALITY (GpenAl Embedding) Mistral- 7B~ 28.17  60.86  24.65 6841 2165  72.86
GPT-4o-mini 2827  61.13 2466 6831 2168  72.84
Deepseek-v3 2889 6191 2502 6857 2182 7291

Figure 4: Ablation results of
different variants.

RQ2: Does the scale of LLMs affect the quality of the discourse-aware tree structures in node
text enhancement? Tab[3] We investigate whether model scale affects the quality of discourse-
aware tree construction by comparing different LLMs. As shown in Table 3] smaller models like
Llama-3.1-8B, Qwen2.5-7B, and Mistral-7B achieve comparable performance to larger models, with
differences under 0.5%. Notably, Llama-3.1-8B achieves the best recall at 400-word context length.
These results indicate that the effectiveness of our discourse-aware retrieval does not heavily depend
on LLM scale. This finding is particularly valuable as it enables flexible model selection without
requiring extremely large models, making our approach more practical and cost-effective.

38 39

RQ3: Does the capability of the discourse
parser have a significant impact? Fig[§] We -
examine how discourse parser capabilities affect 3
downstream performance by training parsers on %55 7 % T B B It 5 5 5 75 %
varying amounts of data (0-100%). As shown (@ Answer F1 @200 (0) Answer F1 @300 (© Answer F1 @400
in Figure 5] both retrieval recall and answer F1
scores improve consistently as parser training
data increases across all context lengths. These
results confirm .that parser quallity directly im- ol — ol
pacts the effectiveness of our discourse-aware (d) Retrieval Recall @200 (¢) Retrieval Recall @300 (D) Retrieval Recall @ 400
tree structure. This suggests that improving dis-
course parsing capabilities is a promising direc-
tion for enhancing our approach’s performance.

40

62 69 74

61 68 73

Figure 5: Impact of discourse parser capability on
subsequent retrieval and question answering per-
formance. Parsers used for comparative evaluation
are trained on varying data scales, ranging from

5 Conclusion 0% to 100%.

In this paper, we presented DISRetrieval, a discourse-aware hierarchical retrieval framework that ad-
vances long document understanding through three key innovations: (1) a multi-granularity adaptive
discourse framework based on RST, (2) an LLM-enhanced node representation technique, and (3) a
structure-aware evidence selection mechanism. Our evaluation on QASPER and QuALITY bench-
marks demonstrates significant improvements over existing methods. The consistent performance
advantages across varying document lengths and embedding models validate the effectiveness of our
discourse-aware approach. Through detailed ablation studies, we identified that the combination of
discourse-aware tree construction and hierarchical retrieval mechanism contributes most significantly
to the performance gains, highlighting the crucial role of linguistic structure in document under-
standing. Looking forward, we envision three promising directions: (1) extending our framework
to cross-lingual document retrieval, (2) incorporating more sophisticated discourse theories, and (3)
exploring dynamic discourse structure adaptation for different domains. Our work establishes a new
paradigm for leveraging linguistic structures in information retrieval systems, paving the way for
more effective long-form content understanding.
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A Limitation and Future Work

We here discuss the limitations and future work of DISRetrieval.

First, while our discourse-aware tree construction method’s performance is inherently bounded by
the quality of RST parsing, our current approach demonstrates significant improvements even with a
straightforward adaptation from EDU-level to sentence-level RST structures. This success validates
the effectiveness of incorporating discourse information in document retrieval. However, we believe
there is still substantial room for enhancement. In future work, we plan to explore more sophisticated
discourse analysis techniques and develop specialized tree construction methods that can better
capture the hierarchical relationships in long documents.

Second, although we have considered computational efficiency by implementing an adaptive sum-
marization strategy with a length threshold 7 to determine when LLM processing is necessary, this
approach is relatively simple. While effective, it may not always achieve an optimal balance between
computational cost and representation quality. Future work will investigate more sophisticated
methods for managing computational resources, such as dynamic thresholding based on content com-
plexity, hierarchical position-aware summarization, and more efficient LLM architectures specifically
designed for tree-structured document processing.

Third, while our evaluation on QASPER and QuALITY datasets demonstrates significant improve-
ments in traditional retrieval metrics, the assessment of long document understanding could benefit
from more diverse evaluation criteria. Current metrics may not fully capture the nuanced aspects of
discourse-aware retrieval, such as structural coherence preservation and hierarchical information flow.
We plan to develop more comprehensive evaluation frameworks that consider multiple dimensions of
retrieval quality, including discourse coherence, semantic relevance, and structural preservation at
different granularity levels.

These limitations point to promising directions for future research while reinforcing the solid foun-
dation and significant contributions of our current work. We believe addressing these aspects will
further advance the field of discourse-aware document retrieval and enhance its practical applications.

B Potential Impact

The current approaches to long document retrieval often struggle with maintaining semantic coherence
and structural integrity, primarily due to the lack of discourse-aware document modeling. Our work,
DISRetrieval, addresses this fundamental challenge by introducing a novel framework that leverages
discourse structure for enhanced document understanding and retrieval.

The impact of our work extends beyond mere performance improvements in retrieval metrics. By
demonstrating the effectiveness of discourse-aware hierarchical modeling, we provide the research
community with a new paradigm for approaching long document understanding tasks. Our framework
shows that incorporating discourse structure not only enhances retrieval accuracy but also preserves
the natural organization of information, which is crucial for human comprehension.

Moreover, our LLM-enhanced node representation technique introduces a novel way of combining
traditional discourse analysis with modern LL.Ms. This hybrid approach could inspire similar
innovations in other NLP tasks where maintaining structural relationships while leveraging powerful
language models is essential. The adaptive summarization strategy we proposed, although currently
implemented with a simple threshold mechanism, opens up new research directions for efficient
document processing with LLMs.

Following this line of research, similar discourse-aware approaches could be applied to various
challenging tasks in document understanding, such as long-form question answering, document
summarization, and information extraction. Our work provides the community with a new perspective
on handling long documents by emphasizing the importance of discourse structure, potentially
influencing how future systems approach the challenge of processing and understanding lengthy
textual content.

Furthermore, the success of DISRetrieval in bridging the gap between document structure and
semantic understanding suggests promising applications in real-world scenarios, particularly in
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domains where maintaining the logical flow of information is crucial, such as legal document analysis,
scientific literature review, and educational content processing.

C 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.

C.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 maintaining computational efficiency.

The transition system maintains two primary data structures: a stack o that holds partially built trees,
and a queue [ that contains unprocessed sentences. This design follows the intuition that discourse
relationships often exist between adjacent text spans and can be built incrementally from bottom 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.

2. A “reduce” action combines two adjacent subtrees 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 ¢ = (o, ), starting from ¢o = ([ ], S;) with all sentences in
the queue, and ending at ¢y = ([T;], [ ]) with a complete discourse tree T;.

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

1. Initialize 0 =[] and 5 = S;.

2. While $ is not empty or |o| > 1: (a) If || < 2 and § is not empty, perform a “shift” action
to move the next sentence from S to o; (b) Else if 5 is empty, perform a “reduce” action to
combine the top two subtrees in o; (c) Else, use the neural scoring model to decide between
a “shift” or “reduce” action based on the current state of ¢ and S.

3. Return the single tree 7; remaining on the stack o.

The scoring model considers the three topmost subtrees on the stack (s, s2, s3) and the next sentence
in the queue ¢;. This design is motivated by several factors:

1. s; and sg are the immediate candidates for the next potential "reduce" action.
2. s3 provides crucial context about the recently built structure.
3. g1 helps determine if we should introduce new content via a "shift" action.

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

b — PLM(s;), if v is a sentence 1
v m >_uec(v) B, if v is a relationship node )

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 sentences. The action scores are then computed as:

y(a) = W(h51 2] hSz D th @ hth) +b, ©)

where @ concatenates the representations to capture 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: exp(y(a))

wreaexp(y(a’))’

p(alc) = 5 (6)
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Algorithm 2: DISRetrieval: Discourse Structure-based Long Document Retrieval

Input: Document D containing sentences S;, paragraphs P;; Query g
Output: Retrieved evidence segments E
/* Stage 1: Discourse-Aware Tree Construction */
for each paragraph P; € D do
Initialize stack o and sentence queue 3 < S;;
while 3 not empty OR |o| > 1 do
/+ RST parsing operations */
at <+ Select action from {shift, reduce, pop_root}; // Determine next parsing action
switch a; do
case shift do
\ Move next sentence from 3 to o // Add new sentence to stack
end
case reduce do
S2, 81 < Pop top two elements from o
Determine discourse relation r between s1 and sz; // Using RST relations
Create new node with relation 7;
Push new node to o;

end
case pop_root do
\ Final tree node <— Pop from o; // Complete the tree
end
end

end
T; < Resulting discourse tree;
/* LLM Enhancement for Paragraph Tree */

for each non-leaf node v € T; (bottom-up order) do
t;, t, < Get content from left and right children;
if [t;]| + [t,-] > 7 then

‘ ty < fum(ts, tr); // Generate concise summary using LLM
else
| to <t Dty // Direct concatenation for short text
end
end
Store root text representation tfool for T;
end
Initialize stack o and queue B + {t% ., ..., t" };
while 3 not empty OR || > 1 do
/* Similar RST parsing at document level x/

Apply RST parsing operations as in Phase 1;

Build document tree Toc;

end

/+ Stage 2: Node Representation x/
for each non-leaf node v € Ty, (bottom-up order) do

t1, t, < Get content from left and right children;

if |t;| + |¢,-| > 7 then

‘ ty < fum(ts, tr); // LLM-based enhancement for document-level nodes
else
‘ ty <t Bty // Direct concatenation for short text
end
end
Tp < Replace leaf nodes in Ty, with corresponding T ; // Integrate trees into unified structure
for each node v € Tp do
‘ e, < Encoder(t,); // 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 € Tp do
| scores[v] + cosine(eq, €y); // Compute relevance scores
end
Apply Algorithmfor evidence selection;
return F/

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:
A6l

L(0) = —logp(a®lc) + 3

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

maintaining the discourse relationships between text spans.
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C.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 corresponds to Stage 1 of the algorithm. The construction of
discourse trees for long documents presents unique challenges in balancing computational efficiency
with structural integrity. We propose an iterative construction strategy that addresses these challenges
through a hierarchical, phase-wise approach. This method effectively manages computational
resources 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 p; containing sentences S; = {s; 1, $i.2, -+, Si,m }»
we construct a local discourse tree 7; using our transition-based parsing system. This phase is
particularly efficient as it:

1. Initializes each paragraph’s parsing state with an empty stack and sentence queue: ¢y =
([1,9)-

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 T; and its root representation hr, .

Phase 2: Document-level Tree Construction. The second phase focuses on capturing document-
level discourse structure. After obtaining all paragraph-level trees 77, 715, ..., T},, we:
1. For each paragraph-level tree T;, apply bottom-up LLM-enhanced summarization:
* For each non-leaf node v with children ¢; and ¢,

P fum(t, ), if |G|+t =7
v t Dty otherwise

®)

where ¢; and ¢, are the textual content of child nodes
 Continue until reaching root node to obtain semantic unit w;

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

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

Tdoc = fdiscourse(U) (9)
4. Apply bottom-up LLM-enhanced summarization to Tyq:
¢ For each non-leaf node v € Tj,. with children ¢; and ¢,.:

B {fLLM(tl ©ty), ifltot|>71

= 10
v t; bty otherwise (10)

* Process nodes level by level from bottom to top until reaching the root of T

This step effectively captures the high-level discourse relationships between paragraphs while main-
taining 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:

Tp = Replace(Tioe, { (ui, T1)li € [1,7]}) (an

where Replace(+) replaces each unit u; in the document-level tree with its corresponding paragraph-
level tree T;. This integration phase carefully preserves both local and global discourse relationships
by maintaining the internal structure of paragraph-level trees while retaining the document-level
relationships established in Phase 2, ultimately creating a seamless hierarchical structure that spans
the entire document and effectively captures discourse relationships at all levels of granularity.
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Table 4: Detailed infomation of the datasets used in our experiments.

Dataset Used Set Question Num Document Num Avg. Document Length (words)
QASPER test 1456 416 4170
QuALITY dev 2086 115 5022

The resulting tree structure effectively captures discourse relationships at multiple levels of granularity,
from sentence-level connections within paragraphs to broader document-level organizational patterns.
This approach not only ensures computational efficiency through its phase-wise processing but also
maintains the integrity of discourse relationships throughout the document hierarchy.

D Detailed Experiment Settings

D.1 Dataset Specifications

The QASPER dataset is constructed from NLP research papers, containing questions that require deep
understanding of technical content. All answerable questions are annotated with multiple reference
answers to account for different valid expressions of the same information. The ground-truth evidence
spans are carefully annotated by domain experts to ensure the reliability of retrieval evaluation.

The QUALITY dataset consists of long passages primarily drawn from fiction stories and magazine
articles, with an average length significantly longer than typical QA datasets. Each question is
accompanied by multiple choice options that test comprehensive understanding of the passage.
We utilize the validation set with publicly available labels for our experiments to enable thorough
analysis and comparison. Notably, to enable more extensive experimentation, we evaluated on the
validation set with publicly available labels rather than the submission-required test set. More detailed
information is presented in Table 4]

D.2 Model Specifications

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

D.3 Implementation Details

In the discourse analysis process, we preserve sentence 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.

D.4 Evaluation Protocol

For QASPER’s retrieval evaluation, we compute token-level F1 and Recall scores by comparing the
retrieved context against the annotated ground truth evidence spans. This provides a fine-grained
assessment of retrieval quality beyond simple overlap metrics. For QUALITY, the accuracy metric
reflects the proportion of correctly answered multiple-choice questions, directly measuring the impact
of retrieval quality on downstream QA performance.

D.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.
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D.6 Prompts

We provides the specific prompts used in our approach 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 Summerization

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 cild node text}

LLM: Summerization result.

\

( Prompt for Question Answering on QASPER Dataset

System: You are a helpful assistant.

User: Using the folloing information: {context}. 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 QUALITY Dataset

System: You are a helpful assistant.

User: Given context: {context}.
Answer the following multiplie-choice question: { question}

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

|

E Extended Experiment Results and Analyses

E.1 Analysis of Multi-granularity Adaptive Retrieval

We conducted a thorough statistical analysis to evaluate the multi-granularity adaptive retrieval
capability 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[5reveals 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 OpenAl
embeddings (17.09 vs. 5.53). Similarly, the average number of leaf nodes that each retrieved
intermediate node maps to is 5.4 times higher with SBERT (67.67 vs. 12.64) and 6.6 times higher
with OpenAl (88.67 vs. 13.37). The percentage of intermediate 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 OpenAl). These differences exist despite QASPER having a 50% longer
average sentence length (22.32 vs. 14.86 words).
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Table 5: 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.

Avg. Mid Node Depth Avg. Leaf Num Avg. Mid Node Percentage / %

Dataset Avg. Sentence Length

SBERT OpenAl SBERT OpenAl  SBERT OpenAl
QASPER 22.32 5.29 5.53 12.64 13.37 54.15 65.13
QuALITY 14.86 13.78 17.09 67.67 88.67 73.93 88.53

Distributional Analysis. Figure[6further illustrates these distinctions through distributional anal-
ysis. The sentence length distribution (Fig. [6p) shows that QUALITY is heavily skewed toward
shorter sentences (5-15 words), while QASPER has a broader, more even distribution extending to
40+ words. The node depth distributions (Fig. [6b,c) demonstrate that retrieved intermediate nodes
from QUALITY frequently reach depths of 10-15, whereas those from QASPER are predominantly
shallower (depths below 10), consistent across both embedding methods.

Retrieval Strategy Adaptation. These patterns reveal how our retrieval approach adapts to different
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 intermediate nodes and greater node depths. This suggests that hierarchical
composition is particularly beneficial for documents where meaning is distributed across multiple
short sentences. In contrast, for 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 processing.

These findings empirically validate that our approach effectively adapts to diverse document structures
and information needs. Our discourse-aware tree construction naturally induces appropriate segmen-
tations based on document characteristics rather than arbitrary chunking, enabling multi-level text
composition that overcomes the limitations of fixed-granularity methods. Through these mechanisms,
DISRetrieval provides a multi-granularity retrieval framework that adaptively selects appropriate
granularity levels across different document types, accommodating their inherent structural variations.

30
\’? 6 QASPER 30+ " QASPER " QASPER
< QuALITY QuALITY 20 i QuALITY
& 20
4
g
10+
g 2 10+
=W
0 T T T 0 v y T 0 v y T
0 20 40 60+ 0 20 40 60+ 0 20 40 60+
(a) Sentence Length (b) Node Depth (SBERT) (¢) Node Depth (OpenAl Embedding)

Figure 6: Comparative analysis of distribution difference 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.

E.2 Ablation study on different Top-K settings

We conduct comprehensive experiments to investigate the impact of varying the value of K from I to
20, with results presented in Figure

Our analysis reveals several noteworthy patterns:

Performance Trends. Across all configurations, performance initially improves as K increases,
typically peaking around K = 5 (marked by the vertical dashed line), after which it either plateaus,
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Figure 7: Ablation results 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.

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 demonstrates more pronounced performance variations
with changing K values compared to QASPER, with performance differences of up to 2 percentage
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 windows (300 and 400 words) consistently outperform
shorter ones (200 words) across all K values. Notably, the performance advantage of longer contexts
is most significant when K is small. This suggests that when the system retrieves fewer evidence
segments, the comprehensiveness of each individual segment becomes critical, as the model must
extract all necessary information from a limited 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.

E.3 Detailed Results of different answer types on QASPER Dataset

The question-answering task on the QASPER dataset includes four types of answers: Abstractive,
Yes / No, Extractive and Answerable / Unanswerable.

* Abstractive: This type of answers use abstract and summarized content rather than the
original text from the document. They often involve rephrasing or synthesizing content to
provide a concise and coherent response.

* Yes / No: These answers are straightforward and binary, simply Yes or No to the question.

* Extractive: These answers are directly taken from the original text. The goal is to pinpoint
and extract the specific segment of text that directly answers the question.
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* Answerable / Unanswerable: This type categorizes whether the question can be answered
based on the information provided in the text. These type of answers correspond to questions
that the original documents do not contain sufficient supporting information, and the model
is expected to directly reply with "unanswerable."

We present the detailed results for each type of answer in Table[6] Notably, both GPT-4.1-mini and
Deepseek-v3 achieve zero scores on the Answerable / Unanswerable type due to their inability to
meet the specific answer word requirement.

Table 6: Question answering performance across different answer types on QASPER dataset. Abs,
Bool, Ext, and None represent Abstractive, Yes / No, Extractive and Answerable / Unanswerable
answers respectively. Final denotes the average F1 score across different answer types.

200 300 400
Abs Bool Ext None Final Abs Bool Ext None Final Abs Bool Ext None Final
UnifiedQA-3B + SBERT

flatten-chunk 16.37 73.30 32.68 18.85 3397 1626 7545 35.16 18.18 3541 1573 7591 36.82 15.83 36.13
flatten-sentence  16.69 7534 3446 17.74 35.16 16.69 76.68 38.20 15.13 37.24 17.61 77.48 39.6 11.67 37.99
raptor 1626 7195 32.59 1825 33.57 1632 7248 35.19 1736 3495 1697 77.27 37.28 18.03 37.00
Ours
Bisection 16.13 7738 36.53 15.57 36.17 16.57 76.92 39.49 12.71 37.66 17.03 75.78 41.81 10.34 38.84
DISRetrieval 17.30 77.48 37.63 15.57 37.26 18.55 75.68 41.02 11.57 38.83 18.50 77.48 4296 13.33 40.25

UnifiedQA-3B + OpenAl Embedding

flatten-chunk 16.33 7545 3877 18.03 37.50 17.39 76.13 3995 17.24 3846 17.68 77.27 41.06 17.36 39.03
flatten-sentence  17.33 7545 40.86 13.56 38.43 17.53 76.71 42.11 13.68 39.31 18.69 77.06 43.16 10.43 40.06
raptor 15.68 7421 39.51 15.65 3746 1691 77.03 4272 15.18 39.96 1647 7692 4239 13.16 39.53
Ours
Bisection 17.27 7376 39.70 11.11 37.41 18.03 76.47 4277 833 3949 1821 77.73 4322 5.88 39.70
DISRetrieval 18.13 77.73 41.5 924 3891 19.67 7793 43.12 7.69 4024 20.02 77.38 44.57 5.13 40.80

GPT-4.1-mini + SBERT

Method

flatten-chunk 21.16 78.09 38.48 - 37.37 23.85 84.55 42.78 - 41.38 2490 84.17 44.76 - 42.72
flatten-sentence  22.06 79.11 42.19 - 39.82 2346 80.93 44.78 - 41.84 23.80 78.42 46.29 - 42.44
raptor 20.62 82.13 37.70 - 37.55 2242 8221 4145 - 39.95 24.73 83.57 44.46 - 42.50
Ours
Bisection 22.61 84.13 42.58 - 4098 23.54 82.53 45.87 - 4274 24.44 80.01 47.12 - 43.49
DISRetrieval 22.40 79.54 44.30 - 41.04 24.19 83.03 4529 - 42.58 2520 8251 4851 - 44.52
GPT-4.1-mini + OpenAI Embedding
flatten-chunk 2412 79.46 43.19 - 41.13 2690 83.09 4545 - 4334 2790 80.65 48.29 - 44.78
flatten-sentence  25.34  79.35 46.75 - 43.08 27.13 82.19 49.12 - 4528 26.94 8330 49.60 - 45.78
raptor 23.54 78.85 43.36 - 40.88 26.08 81.21 4595 - 4326 2594 80.59 47.40 - 43.85
Ours
Bisection 2499 81.78 46.12 - 43.12 25.37 82.60 4841 - 4454 27.81 80.48 49.97 - 45.69
DISRetrieval 25.04 83.57 46.68 - 4347 2696 8282 4945 - 4547 27.14 8252 5043 - 45.97
Deepseek-v3 + SBERT
flatten-chunk 17.23 81.70 35.27 - 3529 17.50 85.65 38.86 - 37.99 20.11 8571 4248 - 40.57
flatten-sentence  17.74 80.26 36.99 - 36.51 18.58 81.86 41.61 - 39.41 20.12 83.04 4345 - 40.82
raptor 15.75 80.27 35.03 - 34.66 17.76 82.06 38.53 - 3730 19.73 83.86 41.66 - 39.77
Ours
Bisection 18.05 78.76 38.83 - 37.28 18.24 85.40 41.76 - 39.80 19.60 82.38 44.10 - 40.96
DISRetrieval 17.18 83.93 38.22 - 37.44 18.10 85.40 42.92 - 40.28 19.65 85.71 44.70 - 41.86
Deepseek-v3 + OpenAl Embedding
flatten-chunk 19.20 82.14 39.06 - 38.14 21.81 8296 4275 - 40.78 21.77 84.62 4490 - 42.26
flatten-sentence  20.45 81.70 41.02 - 39.27 22.03 82.06 44.73 - 41.57 23.23 84.68 45.70 - 43.04
raptor 17.47 80.89 39.55 - 37.84 20.63 82.88 43.10 - 40.50 21.56 84.82 44.74 - 42.17
Ours
Bisection 20.62 81.86 40.73 - 39.27 2220 84.51 44.15 - 41.81 23.13 84.89 47.09 - 43.57
DISRetrieval 20.82 81.61 42.13 - 40.01 21.95 8393 44.73 - 42.10 23.06 84.96 45.90 - 43.21
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: We have highlighted the contributions in abstract and introduction.
Guidelines:
* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: We discuss limitations in the Appendix [A]

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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Justification: We provide main proof in the Method and full set of assumptions in the
Appendix.

Guidelines:

The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We provide the detailed implementation settings.

Guidelines:

The answer NA means that the paper does not include experiments.
If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: We provide them in zip form via supplementary material.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

¢ The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.
 The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they

should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: We provide the detailed implementation settings.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: Our results are significantly comparable.
Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.
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8.

10.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CIL, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We detail in the Appendix
Guidelines:

» The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: The experiments are conducted with the Code.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: We discuss the potential positive and negative societal impacts in the Ap-
pendix [A] and [B]
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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11.
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» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: [NA]
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [NA]
Justification: [NA|
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the package
should be provided. For popular datasets, paperswithcode.com/datasets has
curated licenses for some datasets. Their licensing guide can help determine the license
of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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16.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: [NA|
Guidelines:

* The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: [NA|
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: [NA|
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [Yes]
Justification: We discuss the usage of LLMs in the Section 4.1}
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/
L.LM) for what should or should not be described.
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