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Abstract

Long-context summarization is pivotal for ex-
tracting core insights from extensive docu-
ments. While Large Language Models (LLMs)
show remarkable capabilities, they frequently
encounter attention dilution and hallucination
with lengthy inputs. Retrieval-Augmented Gen-
eration (RAG) partially mitigates this, but con-
ventional RAG relies on shallow similarity re-
trieval of fragmented chunks, failing to cap-
ture high-level thematic structures and long-
range dependencies. Although graph-based
RAG approaches have emerged to address these
structural limitations, existing solutions, such
as Graph of Records (GoR), critically suf-
fer from a fundamental flaw: they paradoxi-
cally re-introduce hallucinations by construct-
ing graphs based on unreliable, LLM-generated
responses. To overcome these challenges,
we introduce Hierarchical Graph of Evidence
(HiGoE) (Code link https://github.com/
tkw123/HiGOE). HiGoE redefines the retrieval
process by replacing unreliable chunk-based
methods with a filtered proposition—evidence
graph, ensuring verifiable fact grounding and
substantially reducing hallucination. Moreover,
HiGoE leverages Personalized PageRank (PPR)
to cluster related nodes into thematic hierar-
chies, thereby restoring global document struc-
ture and effectively mitigating attention dilu-
tion. To model complex, multi-level relations
beyond mere shallow similarity, we develop
an Enhanced Graph Attention Network. Ex-
periments show HiGoE consistently surpasses
baselines in quality and efficiency.

1 Introduction

In an era of overwhelming textual information,
long-context summarization has evolved from sim-
ple text compression into a versatile interface for
knowledge navigation. This evolution is driven by
its indispensable role in diverse downstream ap-
plications, such as extracting actionable decisions
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from multi-hour meeting transcripts (Kirstein et al.,
2024), distilling legislative nuances from volumi-
nous government reports (Gesnouin et al., 2024),
and tracking narrative arcs in literary works (Chang
et al., 2024). Crucially, a robust long-context sum-
marization needs to efficiently answer diverse user
queries, covering everything from global thematic
overviews to specific factual details, all without
repeated, computationally expensive full-text pro-
cessing. For example, a long literary work may
be queried multiple times to generate focused sum-
maries of its plot development, character relation-
ships, or thematic evolution across different chap-
ters. Although Large Language Models (LLMs)
have demonstrated substantial progress (Grattafiori
et al., 2024; Yang et al., 2025; Guo et al., 2025) in
long-context understanding (Li et al., 2024b; Edge
et al., 2024), they inherently struggle with long-
context summarization. Specifically, when process-
ing lengthy inputs, LLMs often exhibit attention
dilution, leading them to overlook crucial details
or misprioritize salient content (Chen et al., 2024;
Ding et al., 2024; Zhao et al., 2025). Moreover,
their generative nature makes them susceptible to
hallucination (Ji et al., 2023). While Retrieval-
Augmented Generation (RAG) mitigates hallucina-
tion risks via external corpus retrieval (Yue et al.,
2025; Jin et al., 2025), standard RAG approaches
typically rely on myopic filters that retrieve frag-
mented chunks based solely on surface similarity,
thereby inadvertently shattering the global narra-
tive structure of the document (Karpukhin et al.,
2020; Izacard et al., 2022).

These limitations have motivated graph-based
extensions to RAG, aiming to model intricate
dependencies across scattered information units.
However, existing graph-based methods remain
constrained. Prior graph-based or neural tech-
niques (Li et al., 2024a; Wu et al., 2021; Huang
et al., 2021; Kryscinski et al., 2022) often cap-
ture only shallow structural dependencies, leav-
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ing deeper logical and thematic relations underex-

plored. More recently, Graph of Records (GoR)

(Zhang et al., 2025a) organizes retrieved informa-

tion into graphs by generating hypothetical query-

response pairs for each chunk. While GoR attempts
to bridge semantic gaps, its reliance on unveri-
fied, model-generated query-response paradigms is
structurally flawed: building the retrieval index on
potentially hallucinated LLM outputs directly in-
jects inaccuracies into the core retrieval backbone.

Furthermore, the flat graph structure employed by

such methods inherently lacks hierarchical abstrac-

tion, severely limiting reasoning over high-level
themes and global contexts.

To address these limitations, we argue that robust
summarization demands a knowledge structure that
is both factually verifiable and hierarchically orga-
nized. Motivated by this principle, we propose a
novel framework: the Hierarchical Graph of Evi-
dence (HiGoE). HiGoE introduces three paradigm
shifts: (1) From Response to Verifiable Evidence:
HiGoE constructs its graph using a two-stage fil-
tered process to extract atomic, verifiable proposi-
tions, rigorously grounding every node and edge in
solid, factual evidence. This eliminates the "veri-
fication gap" and prevents hallucination propaga-
tion into the retrieval mechanism. (2) From Flat
to Hierarchical Structure: To restore global struc-
tural understanding, HiGoE leverages Personalized
PageRank (PPR) (Brin and Page, 1998) to detect
thematic communities, organizing related nodes
into meaningful hierarchies. This allows the re-
triever to "zoom out" for global overviews and
"zoom in" for specific details, mitigating attention
dilution and enhancing contextual awareness. (3)
From Shallow Matching to Structural Alignment:
To capture deep reasoning dependencies, we de-
sign an Enhanced Graph Attention Network (GAT)
(Velickovi€ et al., 2018), trained with a novel joint
contrastive-ranking objective. This GAT aligns
structural evidence with summary queries, enabling
HiGoE to model complex relationships and extract
nuanced insights from the document’s underlying
structure. To validate these architectural shifts, we
conduct comprehensive experiments on five long-
context benchmarks. Our main contributions are
summarized as follows:

* We propose HiGoE, a two-stage evidence graph
construction framework that ensures precise ev-
idence organization by replacing hallucination-
prone responses with verifiable facts.

* We introduce a hierarchical PPR-enhanced graph

and an Enhanced GAT encoder with multi-
scale aggregation to integrate local evidence
with global semantics, optimized under a joint
contrastive-ranking objective.

* We conduct extensive experiments on five long-
context summarization benchmarks, consistently
outperforming the state-of-the-art GoR and other
strong methods in both summarization quality
and inference efficiency.

2 Preliminaries

Retrieval-Augmented Generation. Retrieval-
Augmented Generation (RAG) (Ram et al., 2023)
enhances large language models by conditioning
generation on retrieved passages. Given a query g,
a retriever selects the top-k passages {Ci}i?:l from
a corpus C based on relevance scores p(¢ | ¢q),
forming the retrieved set Cy(¢q). The generator
then produces output y based on both ¢ and each
retrieved passage, leading to the overall generation
probability, which is defined as:

pyla)= > pyla,Q)pCla)

¢eCr(q)

Problem Formulation. Given a long document
D, which typically exceeds the context window
limit of LLMs, our goal is to generate a concise
and coherent summary y. We formulate this task
as a retrieve-then-generate process. First, the doc-
ument D is segmented into a sequence of chunks
C ={c1,c9,...,cn}. Instead of feeding the entire
sequence C directly into the LLLM, we construct a
structured index in the form of a graph G to rep-
resent the evidential relations within D. Given a
summary-oriented query ¢, the system retrieves a
subset of relevant evidence Z(G, ¢q) C G and gen-
erates y conditioned on both g and Z. The optimal
summary g is obtained by maximizing the follow-
ing probability as:

j= arg max pylaq,2(9,9)

3 Proposed Method: HiGoE

As shown in Figure 1, HiGoE transforms unstruc-
tured documents into a verifiable, hierarchical struc-
ture to enhance long-context summarization. It op-
erates in four stages: (1) Graph construction, which
grounds retrieval in atomic proposition-evidence
pairs to minimize hallucinations; (2) Hierarchi-
cal enhancement, utilizing Personalized PageRank
(PPR) to recover global thematic structures; (3)
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Training preparation and loss calculation, which de-
rives fine-grained self-supervised signals for learn-
ing task-aligned representations; and (4) Node
representation learning, where an Enhanced GAT
aligns structural evidence with summary queries
via a joint contrastive-ranking objective.

3.1 Graph Construction

Existing state-of-the-art methods like GoR con-
struct graphs by linking retrieved chunks to LLM-
generated hypothetical responses. While this cre-
ates semantic bridges, it fundamentally treats un-
verified model outputs as ground truth, leading to
error propagation. Unlike GoR’s query-response
pairs which are prone to hallucination accumula-
tion, our proposition-evidence paradigm enforces a
strict verification bottleneck. By extracting atomic
facts and filtering them via a two-stage process, we
ensure that every edge in our graph represents a
reliable semantic link.

Proposition Extraction and Evidence Retrieval.
Each document is chunked into semantically coher-
ent segments, from which an LLM extracts propo-
sitions that can be supported or contradicted by the
text. A dense retriever (e.g., Contriever (Izacard
et al., 2022)) retrieves evidence passages for each
proposition, and the resulting proposition—evidence
pairs are linked to construct the initial graph struc-
ture. This proposition-centered process grounds
the graph in verifiable facts and explicitly encodes
evidential relations, yielding a more reliable se-
mantic structure than query—response based graph
construction.

Two-Stage Filtering. To ensure the reliability
of propositions at scale and mitigate the risk of
hallucination inherent to LLMs, we apply a two-
stage filtering strategy. Unlike previous approaches
(e.g., GoR) that prompt LLMs to generate heuris-
tic query-response pairs from scratch, which is a
process highly susceptible to hallucination, our
method focuses on extracting verifiable atomic
facts directly grounded in the source text. A rule-
based stage first removes trivial, redundant, or mal-
formed propositions. Subsequently, an LLM-as-a-
Judge stage assesses factual consistency, relevance,
and clarity, retaining only propositions with high
confidence. Crucially, in this pipeline, the LLM
operates strictly as an evaluator rather than an un-
constrained generator. Recent literature confirms
that the LLM-as-a-Judge paradigm demonstrates
high alignment with human judgment and excel-
lent reliability in verification tasks (Zheng et al.,

2023; Li et al., 2025a). Ultimately, this rigorous
filtering ensures that the graph contains concise,
trustworthy evidence units with strong semantic
grounding, forming a robust foundation for down-
stream retrieval and reasoning.

3.2 Hierarchical Enhancement via PPR

While the proposition—evidence graph provides lo-
cal factual precision, it remains structurally flat
and cannot capture high-level themes. A flat graph
traps the retriever in local neighborhoods. To en-
able global reasoning, we leverage Personalized
PageRank (PPR) to diffuse node influence, iden-
tifying densely connected thematic communities.
This effectively constructs a semantic scaffolding,
allowing the model to retrieve not just facts, but the
context in which they reside. For a source node s,
the PPR vector rs € RV is defined as:

rs =aes+ (1 —a)Pryg

where o € (0, 1) is the teleport probability, e; is
the one-hot vector of s, and P € RIVIXIVI s a
column-stochastic transition matrix with P;; denot-
ing the probability of moving from j to ¢. Intu-
itively, the process either restarts at s with proba-
bility « or follows the graph transitions, yielding
a stationary distribution that captures both local
proximity and long-range influence. Based on PPR
scores, we rank nodes by their row-sum influence,
select the top ones as seeds, and assign each re-
maining node to the seed exerting the strongest
influence. We then aggregate the content of each
community and use an LLM to produce a sum-
mary node representing its central theme. This step
converts the flat evidence graph into a hierarchical
structure that exposes both fine-grained details and
high-level semantic organization.

3.3 Training Preparation & Loss Calculation

The hierarchical graph alone cannot support effec-
tive retrieval unless node representations reflect
their semantic relevance to summary queries. This
necessitates a tailored training procedure and ob-
jective capable of shaping node representations to
reflect their functional roles within the graph.

Self-Supervised Training. A core challenge in the
training procedure is the lack of an effective su-
pervisory signal. Manually annotating fine-grained
labels for long documents is costly and impractical
at scale, and relying solely on document-level ref-
erences such as introductions or abstracts provides
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Figure 1: The overall framework of Hierarchical Graph of Evidence (HiGoE). A graph-based framework to
enhance RAG for long-context summary, integrating graph construction, hierarchical enhancement via PPR, training

preparation & loss calculation, node representation learning and hierarchical graph-based retrieval.

only coarse signals that fail to capture important de-
tails dispersed throughout the text. We address the
supervision bottleneck through a fractal-like self-
alignment strategy. Since a global summary is too
coarse to supervise local node selection, we treat
each proposition as a micro-summary of its source
chunk. This provides rigorous, fine-grained super-
vision signals without human annotation. Each
document is segmented into chunks and encoded
using Contriever. From every chunk ¢;, the LLM
generates a proposition q;, yielding k propositions
per document that pass the filtering criteria. We
compute BERTScore (Zhang et al., 2019) between
¢; and each node in hierarchical graph G = (V, £)
to produce a similarity ranking as:

Ri =

03y Vi - Vi |
+

where Vi) is the positive node for q;, and the re-
maining nodes are negatives. This ranking serves
as node-level supervision without human anno-
tation. In practice, each proposition serves as a
summary-oriented query, and the model must learn
node representations whose similarities respect the
ranking. A single objective cannot exploit these
signals effectively. Contrastive loss distinguishes
positives from negatives but ignores their relative
ordering, while ranking loss preserves ordering but
lacks margin constraints. We therefore combine
both signals in a joint contrastive—ranking objec-

tive that learns proposition—evidence alignment in
a fully self-supervised manner.

Contrastive Learning Loss. To strictly distinguish
matching evidence from distractors, we employ an
InfoNCE-style objective (Oord et al., 2018). For
each proposition q; within a training batch, we
define a raw similarity score with any node v as
their dot product, scaled by a learnable temperature

T like:
sim(q;, v)
s(q;, v) = exp —

Let 7 be the set of all propositions across all graphs
within a single training batch. The contrastive loss
over the entire batch is:

1 s(ai, v;"
EC] — _m Z log ( 3 )
qQ; €T an +Z q’L7
n-eN;
where v is the positive node for proposition q;,
and N is the set of its corresponding negative

nodes. The objective is to maximize the similarity
between a summary query and its positive sample
while minimizing similarity to all negatives.

To further enhance fine-grained discrimination,
we adopt a hard-negative mining strategy. Specifi-
cally, we introduce a margin-based triplet loss that
enforces the similarity to the hardest negative sam-
ple n,_ , to be at least v lower than that of the
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positive sample:

1
Lhard = 7= Z ReLU(sim(q;, 0y, 4)
‘T‘ ;€T

—sim(q;, v;") + 'y)

The final loss is a weighted sum of the contrastive
and hard-negative penalty terms, Lana = Lo +
ALpard, Where 7y is the margin and ) is a weighting
coefficient. This combined objective forces the
positive sample’s similarity to surpass that of even
the most challenging distractors.

Focal Ranking Loss. Contrastive loss distin-
guishes positives from negatives but ignores the
relative ordering among negatives. To address
this, we adopt a pair-wise focal ranking loss (Cao
et al., 2007). For each pair (7, ) with y; > y; in
BERTScore ranking, the model is encouraged to
assign a higher similarity score s; than s;. The loss
is defined as:

1

ﬂ Z a(l—a(si—sj))ﬁ

Erank =
| (i.9)eP

-log <1 + e*(sifsj)>

where P = (4, j) : y; > y; is the set of valid rank-
ing pairs. The focal weight (1 — o(s; — s5;))”
down-weights easy pairs and emphasizes harder
ones, enforcing consistency between predicted sim-
ilarities and target rankings. The overall training
objective combines the contrastive loss (including
the hard-negative term) and the ranking loss:

Liotal = ('Ccl + A*Chard) + wrank(e) - Lrank

where wyank (€) is an epoch-dependent weight that
gradually increases the contribution of the ranking
loss during training. More details about training
can be seen in A.4.

3.4 Node Representation Learning

Currently, while Contriever-initialized nodes offer
basic semantics, effective retrieval requires repre-
sentations that also encode structural dependencies
within the hierarchical graph. Classical embedding
methods such as random-walk embeddings (Grover
and Leskovec, 2016) and label propagation (Kang
et al., 2006) are non-differentiable and unsuitable
for end-to-end learning. Although Graph Attention
Networks (GATs) (Velickovi¢ et al., 2018) sup-
port differentiable graph encoding, the vanilla GAT
used in GoR is not ideal for long-context summa-
rization due to its locality-biased receptive field,

which limits cross-segment reasoning, and over-
smoothing in deeper layers, which leads to indistin-
guishable node representations (Wu et al., 2020).
To enable structural reasoning across local ev-
idence and global discourse, we develop an En-
hanced GAT incorporating hierarchical and rela-
tional signals. Initialized with Contriever embed-
dings, it refines node representations via multi-head
attention, residual connections, layer normaliza-
tion, and Jumping Knowledge (JK) aggregation
(Xu et al., 2018). At layer [, node ¢ is updated as:

= (141 !
hz(. ) _ Concat?_, o Z O‘i'ﬁjwkhg') ’
JEN(3)

hglﬂ) = LayerNorm (flglﬂ) + Wprojhz(-l)) .

where K is the number of attention heads, N (7)
is the neighbor set of node 1, ozfj the attention
weight, W¥ the projection matrix, and o a non-
linear activation. After L layers, we employ JK
pooling to aggregate multi-scale features: hg,,) =
max(h(® h® ... h®)) This design adaptively
fuses representations across layers, enabling each
node to capture the most informative features.

3.5 Hierarchical Graph-based Retrieval

During inference, HiGoE retrieves evidence from
the hierarchical proposition—evidence graph, where
each node has a learned embedding that encodes
both fine-grained facts and community-level se-
mantics. Crucially, we employ a Unified Vector
Space approach: both the summary nodes (the-
matic summaries generated during hierarchical en-
hancement) and the normal nodes (original text
propositions) are indexed together in the same
dense vector space. The graph is maintained in two
synchronized forms for text storage (NetworkX)
and computation (DGL), allowing embeddings to
be aligned with their original textual content. Given
a summary query, we encode it with Contriever and
compute cosine similarity against all node embed-
dings. This unified design allows the system to
naturally adapt to different query intents: global
queries (e.g., asking for an overarching theme) typ-
ically yield higher similarity scores for summary
nodes, while local, specific queries favor normal
nodes containing exact facts.

To prevent redundant retrieval from a single clus-
ter, we apply a Cross-Community Top-k Filtering
strategy. By checking the PPR community tags dur-
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ing retrieval, we penalize over-represented commu-
nities, forcing the system to extract evidence across
different thematic clusters for better global cover-
age. After the selected nodes are mapped back to
their textual forms, they are aggregated to construct
the context. When a summary node is retrieved, its
pre-computed text is fetched and prepended to the
generator’s context, effectively compressing mas-
sive information from multiple source chunks into a
single manageable paragraph. Finally, we concate-
nate these texts with the query and feed them into
the LLM. This community-aware retrieval captures
both local and global relevance, yielding more co-
herent and comprehensive summaries than standard
dense retrievers.

4 [Experiments

Datasets and Evaluation. We evaluate HiGoE
on five diverse long-context benchmarks: QMSum
(Zhong et al., 2021), WCEP (Gholipour Ghalandari
et al., 2020), BookSum (Kryscinski et al., 2022),
GovReport (Huang et al., 2021), and SQUALITY
(Wang et al., 2022), spanning meetings, news,
narratives, and government reports. Following
the setup of GoR (Zhang et al., 2025a), we re-
port ROUGE-1, ROUGE-2, and ROUGE-L scores
(Lin, 2004). Detailed statistics are provided in Ap-
pendix A.1 and A.2.

Implementation Details. Documents are split
into chunks using LangChain. GPT-4 generates
verifiable propositions, while Contriever retrieves
the top-6 supporting chunks to construct the propo-
sition—evidence graph. Hierarchical enhancement
applies PPR for community detection, with GPT-
4 generating community summaries. Crucially,
we treat the pre-trained Contriever strictly as a
frozen feature extractor without fine-tuning its in-
ternal Transformer layers. All nodes are initial-
ized with its static 768-dimensional embeddings
and subsequently refined via a specialized 2-layer
Enhanced GAT. To prevent oversmoothing and sta-
bilize gradients, this trainable Graph Encoder in-
corporates residual connections and layer normal-
ization, alongside a Jumping Knowledge strategy
using max-pooling aggregation to adaptively fuse
local and global structural features. During training,
only the GAT projection matrices and the tempera-
ture parameter 7 are fully tuned using the Adam op-
timizer with a Cosine Annealing scheduler (learn-
ing rate of le-3). Queries are then encoded with
Contriever and combined with retrieved chunks

for generation using LLMs. Fixed random seeds
ensure reproducibility, with further details in Ap-
pendix A.S.

Baselines. For a comprehensive evaluation, we
compare HiGoE with representative baselines: (1)
Random-walk embeddings: Node2Vec (Grover and
Leskovec, 2016). (2) Sparse retrievers: BM25
(Robertson et al., 2009) and TF-IDF (Ramos et al.,
2003). (3) Dense retrievers: Contriever (Izacard
et al., 2022), DPR (Karpukhin et al., 2020), Dragon
(Lin et al., 2023), Sentence-BERT (Reimers and
Gurevych, 2019). (4) Hybrid retrievers: BM25 +
DPR with reciprocal rank fusion. (5) Long-context
LLMs: Gemma-8K (Team et al., 2024), Mistral-
8K (Jiang et al., 2023). (6) Full-context input: A
retrieval-free baseline feeding the entire document
into an LLLM. It uses two settings: GoR’s original
all-MiniLM-L6-v2 (randomly sampling spans for
long documents) and GPT-4-Turbo, a strong upper
bound supporting up to 128K tokens. (7) Thought
retriever: Thought-R (Feng et al., 2024), retrieving
intermediate reasoning steps. (8) Graph of Records
(GoR): original GoR (Zhang et al., 2025a) linking
retrieved chunks and LLM outputs via a GNN with
contrastive and pairwise ranking objectives, with
further details in Appendix A.3.

4.1 Main Results

We report our main results of experiments on five
datasets in Table 1.

Superiority over retriever-based methods. Com-
pared with sparse retrievers, dense retrievers, and
hybrid retrievers, HiGoE achieves clear improve-
ments. This advantage comes from the hierarchical
proposition—evidence graph, which encodes multi-
level semantic dependencies and supports retrieval
beyond shallow similarity matching.

Advantage over long-context LLMs. HiGoE'’s
superiority over long-context LLMs (e.g., Gemma-
8K and Mistral-8K) highlights a critical insight:
Structured retrieval beats brute-force context scal-
ing. Even with 8K context, standard LLMs suffer
from attention dilution, whereas HiGoE’s graph
precisely routes attention to salient evidence.
Effectiveness against full-context. To rigorously
evaluate against brute-force context scaling, we
compare HiGoE with two full-context baselines:
GoR’s original setup based on all-MiniLM-L6-v2,
which handles long documents by randomly sam-
pling text spans, and a stronger upper-bound base-
line using GPT-4-Turbo (128K) that processes the
entire document directly without retrieval. No-
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Model QMSum WCEP BookSum GovReport SQuALITY
RL R1 R2 RL R1 R2 RL R1 R2 RL R1 R2 RL R-1 R-2
Node2Vec 185 318 63 139 201 63 136 274 46 181 367 124 170 329 7.7
BM25 184 321 6.1 155 226 7.3 137 267 49 182 392 130 170 314 8.1
TF-IDF 183 312 63 153 223 73 136 266 49 181 392 128 17.0 314 8.1
Contriever 19.1 327 7.7 157 235 77 144 298 55 202 398 176 168 32.6 83
DPR 186 321 6.7 156 225 7.5 138 271 48 191 394 155 174 331 84
Dragon 192 335 7.7 146 218 6.8 137 272 48 196 382 160 162 296 7.5
SBERT 190 330 74 137 205 55 144 295 54 200 398 158 17.1 321 78
BM25+DPR 183 318 6.6 157 221 7.6 141 289 54 194 374 150 166 315 74
Gemma-8K 19.8 335 73 156 219 7.7 128 234 42 174 338 114 129 197 58
Mistral-8K 196 312 72 167 242 88 135 262 53 160 289 94 169 322 8.1
Full Context(all-MiniLM-L6-v2) 194 331 68 144 210 7.1 144 289 59 184 39.1 138 17.8 340 88
Full Context(GPT-4-Turbo) 214 341 92 229 344 103 143 330 6.1 21.8 47.1 176 163 383 10.6
Thought-R 190 339 7.6 152 224 74 142 295 57 204 403 170 173 320 8.0
GoR(Original) 19.8 345 78 18.1 254 92 149 315 6.6 209 414 168 17.8 340 85
GoR(GPT-4+LLaMA-2-7b-chat) 189 357 83 185 281 85 149 353 63 204 501 17.1 177 389 84
GoR(GPT-4+GPT-4) 206 365 74 215 312 97 155 362 6.6 215 523 185 175 393 87
HiGOE(GPT-4+LLaMA-2-7b-chat) 21.1 37.0 82 205 306 97 160 374 7.1 237 535 198 188 418 9.7
HiGOE(GPT-4+GPT-4) 21.7 377 85 227 328 111 162 372 73 239 526 193 186 419 99

Table 1: Experimental results on QMSum, WCEP, BookSum, GovReport and SQuALITY datasets over
long-context global summarization tasks w.r.t. Rouge-L (R-L), Rouge-1 (R-1), and Rouge-2 (R-2). GoR
(Original) denotes the original GoR’s setting of Mixtral-8x7B-Instruct-v0.1+LLaMA-2-7b-chat.

tably, HiGoE outperforms both baselines in most
cases. This demonstrates that even when an LLM
is natively capable of ingesting massive inputs, our
structured graph-based retrieval remains essential
for accurate information synthesis in high-density
or narrative-heavy documents by actively mitigat-
ing attention dilution.

Comparison with GoR. GoR constructs graphs
from potentially hallucinated query-response pairs,
while HiGoE builds on verifiable propositions and
enhances them with PPR-based hierarchical com-
munities. This shift from generative to evidential
graph construction, coupled with our contrastive-
ranking objective, leads to superior summarization
quality and robustness across all datasets.

Other observations. Node2Vec performs poorly
due to the lack of semantic supervision, Full Con-
text suffers from input truncation, and Thought Re-
triever falls short without hierarchical summaries
or graph-enhanced representations.

4.2 Ablation Study

We conduct ablation experiments to assess the con-
tribution of each module in HiGoE, with results
summarized in Table 2.

Necessity of graph-aware representation learn-
ing. Removing training (w/o train) leads to clear
degradation compared with HiGoE, showing that
learned graph representations capture richer seman-
tics than raw retriever embeddings.

Synergy of joint optimization. Both contrastive
loss (Lcl) and ranking loss (Lrank) are indispens-
able. Dropping either term results in consistent
performance drops across datasets, indicating their
complementarity.
Superiority of fine-grained self-supervision.
Switching to supervised training with global sum-
maries harms performance, confirming that the
indirect self-supervised signal better aligns with
retrieval-based summarization.
Impact of hierarchy and verification. Removing
PPR-based clustering (w/o ppr) or the two-stage
filtering (w/o filter) reduces performance, highlight-
ing the importance of hierarchical structure and
high-quality proposition—evidence construction.
Overall, these results verify that each component
contributes meaningfully to the final performance.

4.3 Discussions

Effect of the number of extracted propositions.
We investigate how varying the number of extracted
propositions per document affects performance. As
shown in Figure 2, ROUGE scores rise with minor
fluctuations before reaching 30 propositions. How-
ever, a downward trend emerges as the number of
propositions exceeds 30. This decline is driven by
redundancy and, more importantly, the limited in-
formation in local chunks, which cannot sustain a
large set of diverse, high-quality propositions. As
a result, low-quality propositions are introduced
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Variant QMSum WCEP BookSum GovReport SQuALITY
RL R1 R2 RL R1 R2 RL R1 R2 RL R-1 R2 RL R-1 R-:2
w/o train (*) 199 346 72 181 270 68 143 313 49 225 521 179 180 378 76
w/o L 206 364 7.7 178 266 6.6 156 376 69 234 530 190 186 413 95
W/0 Lyank 20.0 359 8.0 207 30.1 93 156 373 6.6 227 520 184 184 405 92
w/ sup (*) 172 320 52 177 273 65 135 289 4.0 19.1 47.1 128 180 384 74
w/o ppr 20.1 360 7.7 200 29.0 80 153 357 64 224 528 184 187 418 95
w/o filtering 202 356 7.8 202 293 84 154 363 65 234 534 193 186 413 96
HiGOE(GPT-4+LLaMA-2-7b-chat) 21.1 37.0 82 205 30.6 9.7 16.0 374 7.1 237 535 198 188 418 9.7

Table 2: Ablation study results on QMSum, WCEP, BookSum, GovReport and SQUALITY datasets w.r.t.

R-L, R-1 and R-2. (¥) indicates significant performance degradation compared to the full model.
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Figure 2: Effect of the number of extracted proposi-
tions w.r.t. R-L, R-1 and R-2.
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Figure 3: Effect of the number of retrieved chunks
w.r.t. R-L, R-1 and R-2.

as noise, ultimately hindering generation quality.
Aggregated results across five datasets show that
30 propositions consistently rank either first or sec-
ond, and additional results for other datasets are
provided in Appendix A.6. Hence, we set 30 as the
default choice in HiGoE.

Effect of the number of retrieved chunks. We
further analyze the impact of varying the number
of retrieved chunks from 1 to 10. As shown in Fig-
ure 3, performance across ROUGE-1, ROUGE-2,
and ROUGE-L generally follows a rise-then-fall
trend. Both WCEP and BookSum exhibit this pat-
tern, with performance peaking at around 6 chunks
before dropping slightly when more are added.
Considering all five datasets, retrieving 6 chunks
consistently ranks first or second. Results for other
datasets are provided in Appendix A.7. Therefore,
we adopt 6 chunks as the default configuration in
HiGoE.

Supervised training vs self-supervised training.
To compare supervised and self-supervised train-
ing, we run experiments using global summaries

—— Self-supervised
Supervised

—— Self-supervised
Supervised

10"
10"

. : . . 107 < : . .
0 50 100 150 0 50 100 150
Epoch Epoch

(a) WCEP (b) BookSum

Loss
Loss

Figure 4: Differences between self-supervised and
supervised training w.r.t loss.

as supervision. Each document provides only
one global summary, whereas the self-supervised
method generates 30 local propositions per sam-
ple. To match corpus size, we replicate global
summaries and train with a standard negative log-
likelihood loss. Figure 4 shows training losses on
WCEP and BookSum. Self-supervised training
yields lower and more stable losses because global
summaries offer coarse, poorly aligned supervi-
sion for individual nodes, introducing optimization
noise. In contrast, self-supervised labels derive
from fine-grained local evidence and provide more
precise learning signals. Additional details are pro-
vided in Appendix A.8.

Efficiency and Computational Cost Analysis.
We extensively evaluated the efficiency of HiGoE
against GoR from two perspectives: offline graph
construction and online inference. As shown in
Table 3 and Table 4, HiGoE exhibits superior ef-
ficiency in both phases. During the offline graph
construction phase, GoR requires LLMs to gen-
erate both queries and answers from scratch. In
contrast, while HiGoE involves LLM-based propo-
sition generation, LLM-as-a-judge quality filtering,
and PPR community summarization, its overall
computational cost per document remains signifi-
cantly lower than GoR’s dual-generation process
(Table 3). Furthermore, for online retrieval infer-
ence (ignoring the LLM generation time), Table 4
shows that HiGoE consistently requires less time
than GoR, yielding an average reduction of about
9%. The online efficiency gains are most evident

19710



Dataset GoR(s/doc) HiGoE(s/doc)
QMSum 270.68 243.55
WCEP 263.52 214.74
BookSum 223.04 168.39
GovReport 317.02 186.31
SQUALITY 272.99 228.67
Average 269.45 208.33

Table 3: Computational cost comparison for offline
graph construction. We report the overall construction
time (seconds/document) across five datasets. GoR’s
construction time includes query and answer generation,
while HiGoE’s includes proposition extraction, filtering,
and community summarization.

Dataset GoR(s/query) HiGoE(s/query)
QMSum 0.504 0.451
WCEP 0.501 0.417
BookSum 0.429 0.421
GovReport 0.503 0.440
SQuALITY 0.402 0.394
Average 0.468 0.425

Table 4: Inference time comparison between GoR
and HiGoE across different datasets. We report the
online inference time (seconds/query, excluding LLM
generation time).

on datasets with longer inputs, such as WCEP and
GovReport, where HiGoE achieves reductions of
16.8% and 12.5%, respectively. In these cases,
the hierarchical organization effectively reduces re-
dundant retrieval from overlapping passages. On
relatively shorter-input datasets like BookSum and
SQUuALITY, HiGoE still delivers slightly better ef-
ficiency.

5 Related Work

Long-context Summarization with LLMs. Re-
cent LLMs have advanced long-context processing
(Grattafiori et al., 2024; Yang et al., 2025; Guo
et al., 2025). Existing approaches either extend
context windows (Chen et al., 2024; Ding et al.,
2024; Zhao et al., 2025) or adopt RAG (Yue et al.,
2025; Jin et al., 2025). Long-context LLMs can
process extended inputs, but they struggle with re-
dundancy and loss of details. RAG is more efficient
but mainly relies on surface similarity. GoR (Zhang
et al., 2025a) mitigate some issues but remain con-
strained by LLM hallucinations and absence of
hierarchical summaries.

Graph-based Retrieval-augmented Generation.
Graphs have become an effective tool for model-
ing structural relations in RAG (Han et al., 2024).
GraphRAG (Edge et al., 2024) builds a graph index
over document elements and applies community
detection for query-focused summarization. GNN-
RAG (Mavromatis and Karypis, 2025) and GNN-
Ret (Li et al., 2025b) leverage GNNs to connect
related chunks for multi-hop retrieval. FG-RAG
(Hong et al., 2025) employs context-aware entity
expansion to enhance fine-grained details in query-
focused tasks, while HGOT (Fang et al., 2024)
utilizes a hierarchical graph of thoughts to decom-
pose complex queries and improve factuality. Other
approaches like GRAG (Hu et al., 2025) and Clue-
RAG (Suetal., 2025) focus on retrieving subgraphs
or multi-partite connections to enable joint reason-
ing. Despite recent progress, existing approaches
remain ill-suited for long-context summarization.
Generative methods (e.g., GoR and HGOT) build
graphs over unverified model-generated thoughts,
resulting in a verification gap, while entity-centric
approaches (e.g., FG-RAG) emphasize local seman-
tics without recovering document-level thematic
structure. Consequently, neither paradigm jointly
ensures faithfulness and global coherence as ours.

6 Conclusion

We present HiGoE, a proposition-evidence hierar-
chical retrieval framework for long-context summa-
rization. Unlike prior generative graph-based RAG
methods that suffer from error propagation, HiGoE
builds graphs from verifiable atomic facts via a two-
stage filtering pipeline, which effectively reduces
hallucinations and ensures a reliable semantic ba-
sis. With Personalized PageRank for hierarchical
abstraction and an Enhanced GAT trained with a
joint contrastive-ranking loss, our model captures
global document structure and learns task-adaptive
node representations. A unified vector space and
cross-community top-k filtering further enable di-
verse, non-redundant retrieval matching both global
and local query intents. Experiments on five long-
context benchmarks show that HiGoE outperforms
strong retrieval-based baselines and long-context
models by alleviating attention dilution. Compre-
hensive analyses verify its higher computational
efficiency and improved factual accuracy.
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Limitations

While HiGoE achieves significant improvements,
several limitations remain. First, the construction
of proposition—evidence graphs relies on LLM-
based proposition extraction, which may still in-
troduce occasional errors or omissions, especially
for highly technical or ambiguous content. Second,
the efficiency of HiGoE depends on the quality
of intermediate retrieval and clustering, because
suboptimal parameter choices (e.g., the number of
extracted propositions or retrieved chunks) may
lead to redundancy or information loss. Third, our
experiments focus on summarization benchmarks
in English, and the generalizability to other do-
mains and languages remains to be validated. Fi-
nally, although Enhanced GAT improves represen-
tation learning, scaling to extremely large graphs
may introduce computational overhead, suggesting
the need for further optimization or approximation
strategies.

Future work could explore multilingual adapta-
tion, dynamic graph construction, and integration
with reasoning-oriented LLMs to further improve
robustness and scalability.
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A Experimental Details

A.1 Datasets

We evaluate our HiGoE framework on five repre-
sentative long-context summarization benchmarks,
following the evaluation setup of GoR. These
datasets span diverse domains and discourse styles.
We present dataset statistics in Table 5.

* QMSum (Zhong et al., 2021). QMSum is

a meeting summarization dataset containing
multi-speaker long meeting transcripts with
both general summaries and 1,808 query-
focused summaries across 232 meetings. Each
query targets specific aspects of the discus-
sion, making QMSum a challenging bench-
mark for selective and span-grounded meeting
summarization.

* WCEP (Gholipour Ghalandari et al., 2020).

WCEP is a multi-document news summariza-
tion corpus constructed from the Wikipedia
Current Events Portal. It provides human-
written event summaries paired with clusters
of related news articles, capturing evolving de-
scriptions of real-world events across sources.
BookSum (Kryscinski et al., 2022). Book-
Sum is a long-form narrative summarization
dataset built from full-length literary works,
providing paragraph, chapter, and book-level
abstractive summaries. It emphasizes dis-
course coherence and long-range causal and
temporal reasoning, making it a challenging
benchmark for narrative understanding.
GovReport (Huang et al., 2021). GovReport
is a long-document summarization dataset
composed of extensive U.S. government and
Congressional reports paired with expert-
written executive summaries. It emphasizes
factual compression over large contexts and
serves as a challenging benchmark for long-
range informational synthesis.
SQuALITY (Wang et al., 2022). SQUALITY
is a question-focused summarization dataset
built from public-domain short stories, con-
taining human-written summaries conditioned
on specific queries. It evaluates a model’s abil-
ity to generate faithful, concise, and targeted
summaries grounded in the source narrative.

A.2 Evaluation Metrics

Following GOR, we evaluate models using
ROUGE-1, ROUGE-2, and ROUGE-L (Lin, 2004).
ROUGE is a recall-oriented framework for sum-

mary quality assessment that compares system-
generated summaries against human references by
measuring overlapping textual units. ROUGE-1
and ROUGE-2 capture unigram and bigram over-
laps, reflecting lexical coverage, while ROUGE-L
measures the longest common subsequence, provid-
ing a more flexible assessment of fluency and struc-
tural alignment. These metrics have been widely
adopted in large-scale summarization evaluations
and remain standard for benchmarking factual and
structural faithfulness in summarization.

A.3 Baselines

To comprehensively evaluate HiGoE, we com-
pare it against a diverse set of representative base-
lines spanning multiple retrieval and reasoning
paradigms. This includes classical lexical-based
methods (sparse retrievers), neural semantic mod-
els (dense retrievers), hybrid approaches combin-
ing lexical and semantic signals, graph-based em-
bedding and retrieval methods, as well as long-
context and reasoning-oriented large language mod-
els. By covering these categories, we aim to bench-
mark HiGoE against state-of-the-art techniques
that capture a wide spectrum of retrieval strate-
gies, structural reasoning, and context utilization
capabilities.

* Node2Vec (Grover and Leskovec, 2016).
A random-walk—based graph embedding
method that learns continuous feature repre-
sentations for nodes in a network. It generates
node embeddings by simulating flexible, bi-
ased random walks that capture diverse net-
work neighborhoods, allowing the learned rep-
resentations to preserve both local and global
structural information.

* Sparse Retrievers: TF-IDF (Ramos et al.,
2003) and BM25 (Robertson et al., 2009).
These are classical lexical-matching retrieval
methods that rely on word frequency statis-
tics and term weighting to rank documents
based on query relevance. TF-IDF measures
the importance of terms within a document
relative to the corpus, while BM25 extends
this by incorporating term saturation and doc-
ument length normalization for more robust
ranking. Although effective for exact key-
word matching and many traditional IR tasks,
sparse retrievers often struggle with seman-
tic variation, paraphrasing, and understanding
queries beyond surface-level word overlap.

¢ Dense Retrievers: Contriever (Izacard et al.,
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Dataset QMSum WCEP BookSum GovReport SQuALITY
#Train 162 400 400 400 100
#Test 30 30 30 30 27
Average Input Token Length 18.2K 10.7K 20.9K 17.2K 7.8K
Average Output Token Length  0.15K 0.08K 0.47K 0.65K 0.71K

Table 5: Dataset statistics

2022), DPR (Karpukhin et al., 2020), Dragon
(Lin et al., 2023), and SBERT (Reimers
and Gurevych, 2019). These are neural em-
bedding models that map both queries and
passages into a shared semantic space, al-
lowing retrieval based on semantic similar-
ity rather than exact lexical matches. Con-
triever is a self-supervised retriever that learns
high-quality document embeddings without
labeled data; DPR is trained on question-
passage pairs to retrieve relevant passages ef-
fectively; Dragon leverages diverse data aug-
mentation strategies to improve generalization
in dense retrieval; and SBERT adapts BERT
into a siamese network to produce semanti-
cally meaningful sentence embeddings suit-
able for tasks such as similarity search and
clustering.

Hybrid Retriever. Combines BM25 and
DPR results using Reciprocal Rank Fusion
(RRF), balancing sparse lexical signals with
dense semantic similarity for more robust re-
trieval coverage.

Long-context LLMs: Gemma-8K (Team
et al., 2024) and Mistral-8K (Jiang et al.,
2023). These are Transformer-based language
models equipped with extended context win-
dows of up to 8K tokens, enabling them to
process and reason over long documents di-
rectly. Such models are capable of capturing
document-level dependencies and performing
complex comprehension tasks without relying
on external retrieval. However, they remain
limited by computational cost, potential input
redundancy, and the practical constraints of
context length, which can affect performance
on tasks requiring reasoning over extremely
large or multi-document contexts.
Full-context Input. A retrieval-free baseline
feeding the entire document into an LLM. It
uses two settings: GoR’s original all-MiniLM-
L6-v2 (randomly sampling spans for long doc-
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uments) and GPT-4-Turbo, a strong upper
bound supporting up to 128K tokens.

* Thought Retriever (Thought-R) (Feng et al.,
2024). A reasoning-oriented retrieval method
designed to enhance the faithfulness and log-
ical coherence of large language model out-
puts. Instead of retrieving raw data chunks, it
retrieves intermediate "thoughts" or rationale
segments generated by the LLM during pre-
vious queries. These thoughts are filtered, or-
ganized in a thought memory, and selectively
retrieved to guide the LLM in addressing new
queries, effectively enabling reasoning over
arbitrarily long external knowledge without
being constrained by context length. Thought-
Retriever has demonstrated improved per-
formance on tasks requiring deep reasoning
and long-context comprehension, serving as
a model-agnostic framework for reasoning-
augmented retrieval.

* Graph of Records (GoR) (Zhang et al,,
2025a). GoR is a graph-enhanced retrieval
generation framework designed to lever-
age the often-neglected potential of LLM-
generated historical responses. Distinct from
traditional retrieval methods, it constructs
a graph by establishing edges between re-
trieved text chunks and their corresponding
LLM-generated responses via a retrieve-then-
generate paradigm. To capture intricate cor-
relations without explicit supervision, GoR
employs a Graph Neural Network (GNN) op-
timized through a novel self-supervised objec-
tive: it utilizes BERTScore to derive pseudo-
labels for node ranking, driving a joint opti-
mization of contrastive and pair-wise ranking
losses. As the strongest existing graph-based
baseline for long-context global summariza-
tion, GoR effectively bridges the gap between
scattered text chunks and global insights by
exploiting the semantic bridges provided by
historical records.



A.4 Additional Explanation on
Self-Supervised Training

For each document, we segment the text into fixed-
length chunks and use an LLM to generate a propo-
sition from each chunk, yielding N propositions
{qi}ﬁ\il whose source chunks ¢; are known. Given
the constructed graph G = (V, ), we compute
the BERTScore similarity between each source
chunk ¢; and all nodes v € V, producing a rank-
ing list R; = [1'1;21.),1{2.’(2), SEE Uy ) sorted
by descending similarity, which serves as the self-
supervised signal. Nodes from other documents
in the same batch serve as additional negatives.
During training, the model receives only the propo-
sition q; (not the source chunk) and is optimized to
produce similarity scores whose ordering approxi-
mates the BERTScore derived ranking of ¢;. This
matches real usage: a query functions as an abstrac-
tive summarization request over either the entire
document or a specific local segment, analogous to
a proposition-level summary query, and the model
is expected to retrieve the most relevant summary
or evidence node. The contrastive loss pulls q;
toward its top-ranked node while pushing it away
from negative ones, the hard-negative margin term
penalizes cases where the hardest negative is in-
sufficiently separated, and the focal ranking loss
encourages the full predicted ordering to align with
‘R, with greater emphasis on difficult or ambigu-
ous pairs. Together, these objectives yield node
representations that faithfully capture fine-grained
document semantics.

A.5 Additional Implementation Details

We segment each document into 256-token chunks
with an overlap of 32 tokens using LangChain’s
TokenTextSplitter. For each long document, we
use GPT-4 to generate verifiable propositions, and
compared to larger models, it is more cost-effective
and efficient, yet sufficient for high-quality propo-
sitions. We use Contriever to retrieve the top 6
chunks as supporting passages for each propo-
sition, forming the initial proposition—evidence
graph. For hierarchical enhancement, we apply
PPR (o = 0.12, maz_iter = 150) to form com-
munities and generate community summaries with
GPT-4 as well. All graph nodes are initialized
with Contriever embeddings (for propositions, ev-
idences, chunks and summaries). Enhanced GAT
(2 layers, 768 hidden dim, 4 heads) refines these
Contriever embeddings by leveraging graph struc-

ture, yielding graph-enhanced node representations.
For retrieval, queries are encoded with Contriever,
and at inference, the query is concatenated with re-
trieved chunks and selected proposition—evidence
texts before being fed to LLaMA-2-7b-chat for
generation. The query typically reflects a global or
local summary of the underlying document, anal-
ogous to the propositions we derive during graph
construction from individual document chunks. We
implement our proposed method using PyTorch
and Deep Graph Library (DGL). All experiments
are conducted on a single NVIDIA GeForce RTX
4090 GPU (24GB). All experiments use fixed ran-
dom seeds for reproducibility. We present detailed
hyper-parameters on the QMSum, WCEP, Book-
Sum, GovReport, and SQUALITY datasets in table
6.

A.6 Effect of the Number of Extracted
Propositions

To further substantiate this conclusion, we present
results on three additional datasets (QMSum, Gov-
Report, and SQUALITY) in Figure 5. Consistent
with our previous observations, performance across
ROUGE-1, ROUGE-2, and ROUGE-L generally
improves as the number of propositions increases,
but it eventually exhibits a downward trend at
higher counts. This confirms that excessive extrac-
tion introduces low-quality content that interferes
with the results. Synthesizing the results from all
five datasets, the configuration of 30 consistently
ranks as either the best or a near-top choice. This
empirical evidence solidifies our adoption of 30 as
the robust default for HiGoE.

A.7 Effect of the Number of Retrieved
Chunks

To further validate this observation, we present
results on three additional datasets (QMSum, Gov-
Report, and SQUALITY) in Figure 6. Across these
datasets, the ROUGE-1, ROUGE-2, and ROUGE-L
metrics also demonstrate a rise-then-fall pattern as
the number of retrieved chunks increases from 1 to
10. Notably, performance peaks around 6 chunks
for all three metrics across these datasets, aligning
with the trends observed in WCEP and BookSum.
Combining results from all five datasets, retrieving
6 chunks consistently ranks as either the best or
the second-best configuration, showing robust and
stable performance. Thus, this empirical evidence
across diverse datasets solidifies our choice of 6 as
the default number of retrieved chunks.
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Dataset QMSum WCEP BookSum GovReport SQuALITY
Chunk Size 256 256 256 256 256
Chunk Overlap 32 32 32 32 32
PPR Teleport Probability o 0.12 0.12 0.12 0.15 0.12
PPR Max Iterations 100 100 100 100 100
#Enhanced GAT Layers 2 2 2 2 2
#Enhanced GAT Heads 4 4 4 4 4
Hidden Dimension 768 768 768 768 768
Dropout Rate 0.2 0.1 0.2 0.5 0.1
Batch Size 32 32 32 32 32
Epoch 300 300 300 300 300
Learning Rate le-3 le-3 le-3 le-3 le-3
Focal Ranking Loss o 2.0 2.0 2.0 2.0 2.0
Focal Ranking Loss 8 1.0 1.0 1.0 1.0 1.0
Hard Negative Margin vy 0.1 0.1 0.1 0.1 0.1
Loss Coefficient A 0.9 0.7 0.2 0.7 0.4
Table 6: Hyper-parameters
g EffiamsStss g g
e N S PRGN 0 m
(a) QMSum (b) GovReport (a) QMSum (b) GovReport
N S 7S
(c) SQUALITY (c) SQUALITY

Figure 5: Effect of the number of extracted proposi-
tions w.r.t. R-L, R-1 and R-2. We show the results on
the QMSum, GovReport and SQUALITY datasets.

A.8 Global Summary Supervised Training vs
Self-Supervised Training

We show additional results on the QMSum, GovRe-
port and SQUALITY datasets in Figure 7. Across
these datasets, self-supervised training consistently
achieves lower and more stable losses compared
to supervised training. These results align with
our prior findings on WCEP and BookSum, rein-
forcing that self-supervised training, which lever-
ages fine-grained local evidence, avoids the opti-
mization noise introduced by the coarse-grained,
weakly aligned supervision of global summaries.

Figure 6: Effect of the number of retrieved chunks
w.r.t. R-L, R-1 and R-2. We show the results on the
QMSum, GovReport and SQUALITY datasets.

Thus, across all five datasets, self-supervised train-
ing demonstrates superior loss stability and mag-
nitude, validating its ability to guide the model
toward better node representations through precise
learning signals.

A.9 Additional Explanation on Global
Summary Supervised Training
Experiment

In the supervised setting, each document provides
a single global summary, usually appearing at the
beginning of the document, which we encode as the
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Figure 7: Differences between self-supervised and
supervised training w.r.t loss. We show the results on
the QMSum, GovReport and SQUALITY datasets.

query vector. To ensure a fair comparison with the
self-supervised setup, where each document yields
N proposition-level queries from local chunk sum-
maries, we replicate the global summary query N
times so that both regimes operate on the same num-
ber of query instances. Unlike self-supervised train-
ing, which derives fine-grained BERTScore-based
rankings aligned with proposition source chunks,
supervised training directly uses the global sum-
mary query. At each step, the Enhanced GAT en-
codes all graph nodes, and dot-product similarities
between the query and node representations are
normalized via log_softmax to form a node dis-
tribution. We then treat the node with the highest
current similarity as the pseudo-target for that iter-
ation and optimize the model using a negative log-
likelihood (NLL) loss to maximize the probability
assigned to this dynamically chosen target. This
training procedure contrasts with the fine-grained,
chunk-aligned signal used in self-supervised train-
ing and highlights the limitations of relying solely
on a single global summary as the supervisory sig-
nal.

A.10 LLM Evaluation

We evaluate pairwise summary quality using GPT-
5.1, driven by the prompt shown in D. For each ex-
ample we present two candidate summaries (GoR
vs. HiGoE), along with the same test query and the
golden answer, and ask the judge LLM to compare
the two outputs according to five criteria: Informa-
tion Accuracy, Comprehensiveness, Adherence to
the Golden Answer, Diversity, and Empowerment.

QMSum B GoR
3 HiGoE

WCEP

BookSum

GovRepor J—
SQuALITY i

T
0 20 40 60 80
Win Rate (%)

Dataset

Figure 8: LLM evaluation w.r.t overall win rates on
QMSum, WCEP, BookSum, GovReport, and Squal-
ity.

The judge was instructed to pick the better answer
for each criterion, provide a brief justification, and
then select an overall winner. Figure 8 reports the
aggregated overall win rates for GoR and HiGoE
on five datasets.

HiGokE attains higher overall win rates on QM-
Sum, WCEP, GovReport and SQUALITY, whereas
GoR performs better on BookSum. These results
suggest that proposition—evidence and hierarchi-
cal aggregation strategy improves judged summary
quality for most domains, especially for structured
and factual corpora such as GovReport. In con-
trast, BookSum is a narrative and discourse-heavy
dataset, and it remains a challenging setting where
GoR occasionally produces outputs that are pre-
ferred by human evaluators.

B Other Related Work

Evidence Aggregation and Hierarchical Sum-
marization in Retrieval-Augmented Generation.
A complementary line of research focuses on im-
proving evidence selection and aggregation to
enhance retrieval-augmented generation. SEER
(Zhao et al., 2024) learns to extract concise and self-
aligned evidence from retrieved passages, address-
ing limitations of heuristic filtering and reducing
redundant context. ETS (Sun et al., 2025) formu-
lates evidence selection as a tree-search problem,
leveraging MCTS to model inter-sentence depen-
dencies and identify high-quality multi-sentence
evidence sets. FaithfulRAG (Zhang et al., 2025b)
tackles fact-level conflicts between retrieved con-
text and parametric knowledge by explicitly mod-
eling discrepancies and guiding LLMs through a
self-thinking process to integrate conflicting facts.
For long-context scenarios, LongRefiner (Jin et al.,
2025) improves RAG efficiency through hierarchi-
cal document structuring and adaptive refinement,
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which implicitly enables a coarse-to-fine summa-
rization process over long documents. Beyond ex-
traction. HIRAG (Huang et al., 2025) enhances
evidence reasoning through hierarchical instruction
tuning, equipping RAG models with progressively
structured abilities for filtering, composition, and
knowledge-grounded reasoning.

Together, these works highlight the importance
of selecting, refining, and organizing evidence and
leveraging hierarchical structures, yet most operate
at the sentence or passage level. In contrast, HIGoE
performs proposition—evidence aggregation with
an explicit hierarchical graph structure, enabling
more fine-grained and semantically grounded sum-
marization.

C Case Study

This case study compares three outputs from the
same source: (1) GoR’s Summary, (2) HiGoE’s
Summary, and (3) Golden Answer (reference). It
analyzes five criteria: information accuracy, com-
prehensiveness, adherence to the golden answer,
diversity, and empowerment by highlighting con-
crete discrepancies (e.g., misplaced focus, omitted
key information) and extraneous facts, then assess-
ing each summary’s alignment with the reference
in precision and relevance.

The Summary Generated by GoR

The meeting discussed the conceptual de-
sign for a new remote control, with a focus
on user interface and industrial design.
The project manager outlined the agenda
and introduced the participants, includ-
ing a user interface designer, an indus-
trial designer, and a marketing represen-
tative. The group discussed various aspects
of the remote control, including its appear-
ance, functionality, and color scheme.
They also talked about the importance of
evaluating the product and considering cur-
rent trends in ruits and vegetables. The in-
dustrial designer presented their ideas for
the remote control’s design, and the group
provided feedback and suggestions. The
meeting concluded with the project man-
ager summarizing the key points and tasks
assigned to each participant for the next
meeting.

The Summary Generated by HiGoE

The meeting focused on the new remote
control’s conceptual design, with key dis-
cussions on Ul and industrial design.
The project manager outlined the agenda
and introduced the UI designer, industrial
designer, and marketing representative.
The UI designer presented three concepts
(Google, fancy and intelligent) with the
first two approved and the third ques-
tioned. The team decided to integrate the
first two, plus simple vocal commands.
For industrial design, the industrial designer
proposed wooden shell with LCD buttons,
dual power supply, and low-power chips,
all unanimously agreed. The marketing
rep shared market insights: users want
fancy look, technological innovation, and
user-friendliness. The meeting ended with
task assignments after discussing imple-
mentation.

Golden Answer

This meeting was about conceptual design.
The user interface designer first introduced
three concepts in the user interface - Google
controller, fancy controller, and intelligent
controller. The first two were approved
by the project manager, but the last one
was seriously questioned. The group fi-
nally decided to mix the Google controller
and fancy controller with some simple vo-
cal commands. The discussion about prod-
uct industrial design covered three aspects
—material, alimentation, and chip. The in-
dustrial designer suggested using wood and
having buttons with LCD, applying the clas-
sical battery and solar energy alimentation,
and using low level chips, which was agreed
by the group. The marketing expert gave
three points from the market analysis. Users
would like to have a fancy look and feel
and the product should be technologically
innovative. At the same time, being user-
friendly was also important. Then the group
discussed how to make these requirements
into practice.

The bolded text indicates content that is more
consistent with the golden answer. Across all five
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evaluations, HiGoE provides a broader, more ac-
curate view of the meeting, precisely capturing its
core emphasis on conceptual design across user
interface, industrial design, and marketing dimen-
sions. It offers a structured and factual depiction
of the discussion, incorporating a wider range of
concrete decisions and specific proposals, enabling
a clearer understanding of the meeting’s true scope
and outcomes. In contrast, GoR contains inac-
curate information, such as mistakenly associat-
ing "market trends" with "current trends in fruits
and vegetables", which is irrelevant to the remote
control design. Overall, HiGoE better represents
the meeting’s multi-faceted, decision-driven nature,
aligns more closely with the factual precision of
the Golden Answer, and offers a far more balanced
and informative depiction of the discussion.

D LLM Prompts

This appendix presents the full set of prompt tem-
plates used in our system, spanning five key com-
ponents: proposition generation, proposition evalu-
ation via LLM-as-a-Judge, community-level sum-
marization, LLLM-as-a-Judge evaluation for com-
paring model outputs, and retrieval-augmented gen-
eration (RAG). Together, these prompts define the
behavior of each LLM module, ensure consistent
interactions across components, and enable full
reproducibility of our experimental pipeline.

D.1 LLM Prompts for Proposition Generation

To extract fine-grained semantic units from text,
we employ the following prompt to guide the LLM
to generate concise, factual, and verifiable proposi-
tions.

Prompt for proposition Generation

You are an excellent extractor of factual in-
formation and are highly skilled at identi-
fying clear, verifiable propositions within
a passage. Your goal is to produce exactly
ONE concise factual proposition from the
text provided below. The extracted propo-
sition must be a single sentence (no more
than 30 words), specific, and directly verifi-
able. Do not produce questions or ambigu-
ous statements. Output only the proposition,
with no additional text.

DOCUMENT:

{ document }

D.2 LLM Prompts for Community
Summarization

For constructing higher-level graph nodes, we sum-
marize multiple related text fragments into a unified
semantic theme. The following prompt is used to
generate these community-level summaries.

Prompt for Proposition Generation

As a top-tier Knowledge Architect, your
mission is to read and comprehend the fol-
lowing collection of related text fragments.
Synthesize these scattered pieces of infor-
mation into a highly condensed, overarch-
ing core theme or summary. This summary
will serve as the “title” or “central idea” for
this knowledge cluster and must be both
concise and information-dense.

[Text Fragments to be Summarized]:
{full_text}

[Core Theme Summary]:

D.3 LLM-as-a-Judge for Proposition
Generation

To ensure the quality of extracted propositions, we
adopt an LLM-as-a-judge framework. The fol-
lowing prompt instructs the LLM to evaluate each
proposition along multiple quality dimensions.

Prompt for Proposition Evaluation

As an expert evaluator, please assess the
quality of this extracted proposition based
on the original text.

Original Text:

{original_text}

Extracted Proposition:

{ proposition}

Please evaluate on these criteria (score 1-5
for each):

Factual Accuracy: Is the proposition factu-
ally consistent with the original text?
Verifiability: Can this proposition be veri-
fied or fact-checked?

Completeness: Does the proposition cap-
ture important information from the text?
Clarity: Is the proposition clear and unam-
biguous?

Specificity: Is the proposition specific
enough to be meaningful?

Provide scores and a brief explanation.
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D.4 LLM-as-a-Judge for for LLM Evaluation

To systematically compare GoR and HiGoE, we
employ an LL.M-as-a-judge framework. The fol-
lowing prompt describes the evaluation criteria
used to assess the relative quality of two model-
generated summaries.

LLM Evaluation - Instruction

You are an expert tasked with evaluating
two answers to the same question based on
five criteria.

Your goal is to evaluate two answers to the
same question based on these criteria:
Information Accuracy: How factually cor-
rect is the information provided?
Comprehensiveness: How much detail
does the answer provide to cover all aspects
and details of the question?

Adherence to the Golden Answer: How
closely does the answer align with the pro-
vided golden answer?

Diversity: How varied and rich is the an-
swer in providing different perspectives and
insights on the question?

Empowerment: How well does the answer
help the reader understand and make in-
formed judgments about the topic?

For each criterion, choose the better answer
(either Answer 1 or Answer 2) and explain
why. Then, select an overall winner based
on these five categories.

. J

The next prompt provides the concrete inputs
passed to the judge model, including the question,
the GOLDEN ANSWER, and two candidate sum-
maries.

LLM Evaluation - Input

Here is the question: {query}

Here is the golden answer for reference:
{golden_answer}

Here are the two answers:

Answer 1: {answerl}

Answer 2: {answer2}

Evaluate both answers using the five criteria
listed above and provide detailed explana-
tions for each criterion. Avoid any potential
bias and ensure that the order in which the
answers were presented does not affect your
judgment.

Finally, we specify the expected output format
to ensure that the judge model produces structured,
consistent, and comparable evaluations across all
examples.

LLM Evaluation - Output

Output your evaluation in the following
JSON format. Do not output any other text
before or after the JSON.

{

"Information Accuracy”: {
"Winner": "[Answer 1 or Answer 2]",

"Explanation”: "[Provide explanation
here]”

ie

"Comprehensiveness"”: {

"Winner": "[Answer 1 or Answer 2]",
"Explanation”: "[Provide explanation
here]”

3y

"Adherence to the Golden Answer”: {
"Winner": "[Answer 1 or Answer 2]",
"Explanation”: "[Provide explanation
here]”

i

"Diversity”: {

"Winner": "[Answer 1 or Answer 2]",
"Explanation”: "[Provide explanation
here]”

P

"Empowerment”: {

"Winner": "[Answer 1 or Answer 2]",

"Explanation”: "[Provide explanation
here]”

3

"Overall Winner": {

"Winner": "[Answer 1 or Answer 2]",
"Explanation”: "[Summarize why this

answer is the overall winner based
on the five criterial]”

}

}
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D.5 LLM Prompts for RAG

During reasoning and query answering, we use the
following prompt to guide the LLM in producing
grounded responses based on retrieved evidence.

Prompt for Proposition Generation

Refer to the following supporting materi-
als and answer the question with brief but
complete explanations.

SUPPORTING MATERIALS:
{materials}

QUESTION:

{question}

19724



