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Abstract

Large language models (LLMs) remain chal-
lenged by ultra-long document understanding.
A common solution is to segment documents
into chunks and retrieve those relevant to a
query, but this can disrupt semantic and logical
coherence by ignoring dependencies between
chunks. We propose NEAR (NEighborhood-
Aware context Reconstruction), a lightweight,
training-free framework that reconstructs coher-
ent context from fragmented segments. NEAR
represents each document as a dual-layer neigh-
borhood graph, connecting chunks via topical
neighbors to capture long-range semantic rela-
tions and physical neighbors to preserve local
continuity. An iterative dual-pool exploration
traverses chunks from both global and local
neighborhoods, and collected chunks are se-
lectively expanded and reordered according to
their original positions to form a coherent in-
put context. Extensive experiments on multi-
ple long-document question answering bench-
marks demonstrate that NEAR improves com-
prehension performance while maintaining low
latency and memory usage.

1 Introduction

Recent advances in large language models (LLMs)
have led to strong performance across a wide
range of language understanding and reasoning
tasks (DeepSeek-Al, 2025). As context windows
expand to hundreds of thousands or even one mil-
lion tokens in recent models (Yang et al., 2025;
xAl, 2026), LLMs are theoretically capable of pro-
cessing entire books or long reports in a single pass.
Reading comprehension over ultra-long documents
is becoming increasingly important in real-world
applications such as legal analysis (Guha et al.,
2023), scientific literature review (Taylor et al.,
2022), and financial auditing (Wu et al., 2023).
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User Query: § {'; NEAR: Coherent Context
"Who is the owner of the secret island?" Retrieved Chunk 10, then expanded to
Chunk 50 and its neighbor Chunk 51.
Support: secret island — Aegis Corp —
controlled by Elon Musk.
Model Answer: Elon Musk is the owner of
the secret island.

= Sx Chunk1 | |Chunk2 | Chunk3
Chunkd | sesesess Chunk99

Chunk 10: (Clue)
The secret island was purchased by a
shell company named Aegis Corp.

Chunk 50-51:  (Link) @Traditional: Incomplete Context
Recent financial records show that the Only query-similar chunks, such as Chunk
offshore entity Aegis Corp is solely 10 and Chunk 95, were selected. Chunk 50,
controlled by Elon Musk)who acts as the which provides the ownership link, was
primary shareholder and director. missed.(Low Similarity)

hunk Distract Support: secret island — Aegis Corp. ?
Chunk 95:  (Distractor) Model Answer: The given context does not

The secret island is widely famous for specify the actual owner of the secret island.

its beautiful and pristine beaches.

Figure 1: Illustration of information fragmentation in
long-document reading comprehension. Chunking and
conventional chunk selection often result in the isola-
tion of related information, causing fragmented con-
text. NEAR reconstructs coherent supporting context by
leveraging topical neighbors to connect related content
and physical neighbors to maintain local continuity.

However, effectively understanding such long doc-
uments remains challenging in practice.

Existing approaches for long-document process-
ing generally fall into two categories. One line of
research extends Transformer architectures to sup-
port longer context windows (Ding et al., 2024).
While this increases input capacity, it incurs sub-
stantial computational costs due to the quadratic
complexity of self-attention. Moreover, such mod-
els remain susceptible to issues such as attention
dilution and positional bias (Jiang et al., 2024;
Liu et al., 2024). In practice, a more economi-
cal and widely adopted solution is the chunk-based
paradigm (Lewis et al., 2020). Under this paradigm,
extremely long documents are segmented into
smaller chunks, and only those most relevant to
the query are selected for further processing. This
strategy significantly reduces computational over-
head and scales more naturally to extremely long
documents (Sarthi et al., 2024).

However, this chunk-based paradigm inherently
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fragments the internal structure of documents. In
practice, segmentation and selection are treated as
separate stages. Chunking, whether fixed-length or
dynamic (Duarte et al., 2024; Sheng et al., 2025),
splits continuous context into isolated segments,
while selection mechanisms, ranging from lexical
retrievers to fine-tuned cross-encoders (Li et al.,
2024b), rank chunks independently and do not
model their interdependencies (Li et al., 2024c).
Consequently, semantic and logical relations across
distant parts of a document are weakened, and the
resulting input often degenerates into disjoint frag-
ments that lack global coherence, ultimately im-
pairing model performance (Edge et al., 2024).

To address this fragmentation issue, we pro-
pose NEAR (NEighborhood-Aware context Recon-
struction), a lightweight, training-free framework
that dynamically reconstructs coherent contexts
from initially fragmented chunks without aggres-
sive information compression. The core principle
is that relevant content tends to cluster in semantic
space (Hearst and Pedersen, 1996). Although a
document is split into discrete chunks, its seman-
tic organization still retains an inherent topology,
including both strong local associations and long-
range topical dependencies.

NEAR models the document as a dual-layer
neighborhood graph that simultaneously captures
topical and physical associations. The topical
layer connects topically related but spatially dis-
tant chunks to establish long-range dependencies,
while the physical layer preserves sequential adja-
cency to maintain local narrative coherence. Based
on this representation, NEAR introduces an iter-
ative neighborhood exploration mechanism that
combines global semantic exploration with local
continuity restoration. This design enables the re-
construction of a semantically coherent context by
restoring local continuity and reconnecting related
content across chunk boundaries.

Experiments on six long-document question an-
swering benchmarks covering diverse QA settings
demonstrate the effectiveness of NEAR, includ-
ing datasets such as Loogle-SD (Li et al., 2024a)
and HotpotWikiQA (Yang et al., 2018; Yuan et al.,
2024). We evaluate NEAR with multiple backbone
LLMs, including Llama-3 (Llama Team, 2024)
and Mistral (Jiang et al., 2023), and compare it
against strong baselines spanning extended-context
architectures and chunk-based retrieval pipelines.
NEAR consistently improves answer accuracy,
with particularly strong gains on longer documents,

while introducing only minimal latency and mem-
ory overhead. These results indicate that NEAR
enhances long-document comprehension while re-
maining lightweight and easy to integrate into ex-
isting long-context pipelines.

The main contributions of this work are three-
fold: (1) We propose a dual-layer neighborhood
graph that captures both topical relatedness and
positional continuity among text chunks, provid-
ing a structured foundation for context reconstruc-
tion in long documents. (2) We present NEAR!, a
lightweight and training-free framework for recon-
structing coherent reading context from fragmented
chunks, which can be readily integrated into exist-
ing long-context pipelines. (3) Experiments on
multiple long-document question answering bench-
marks show that NEAR consistently improves an-
swer accuracy while maintaining low latency and
memory overhead.

2 Related Work

Context Length Extension Extending context
windows to accommodate ultra-long documents
is a major direction in LLM research. Peng et al.
(2024) introduced YaRN, which utilizes NTK-by-
parts interpolation to efficiently extrapolate con-
text length while preserving local semantics, a
technique now widely adopted in models such as
Qwen?2 (Yang et al., 2024). Pushing this direction
further, Qwen2.5-1M (Yang et al., 2025) achieves
a context window of one million tokens via op-
timized RoPE base frequencies and sparse atten-
tion, maintaining high accuracy in passkey retrieval.
However, while these methods increase input ca-
pacity, they remain computationally expensive and
do not address how to organize relevant content
into a coherent reading context for downstream
comprehension (Bai et al., 2024).

Chunking Strategies Document chunking pro-
vides a practical alternative to LLM’s context
length extension for processing ultra-long docu-
ments. Existing methods have evolved from fixed-
length segmentation to more semantically aware
strategies. For example, LumberChunker (Duarte
et al., 2024) employs LLMs for long-form docu-
ment segmentation, while DCS (Sheng et al., 2025)
dynamically adjusts chunk boundaries based on
semantic similarity. Although these methods im-
prove segmentation over simple rule-based chunk-

'Our code and data are publicly available at https://
github.com/loglixiaobu/NEAR.
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ing, they incur substantial preprocessing overhead
and cannot fully prevent context fragmentation. In
contrast, NEAR bypasses reliance on perfect ini-
tial segmentation, reconstructing coherent context
after retrieval by reconnecting related chunks and
preserving local continuity.

Chunk-Level Selection After document chunk-
ing, chunk-level selection aims to improve effi-
ciency by identifying the chunks most relevant to a
query. Structured methods further model relations
among chunks. For example, GraphReader (Li
et al., 2024c) performs graph-based traversal with
LLM guidance, while GraphRAG (Edge et al.,
2024) builds an entity-centric graph to support
document-level analysis. However, these meth-
ods often introduce substantial preprocessing over-
head, and their focus is typically on filtering or
restructuring content rather than reconstructing a
coherent reading context from retrieved chunks. In
contrast, NEAR directly models neighborhood re-
lations among text chunks, operates without LLM-
based graph construction, and restores context co-
herence at low computational cost.

3 Approach

3.1 Overview

Figure 2 illustrates the overall architecture of
NEAR. We first organize the input document as
a neighborhood graph that jointly captures topical
relatedness and physical adjacency between text
chunks. Given a user query g, NEAR then performs
iterative exploration over this graph. At each step,
candidate chunks are selected by alternating be-
tween two candidate pools, and the selected chunk
is re-scored by a Trust But Verify (TBV) module
to guide subsequent score propagation. Finally,
during context reconstruction, the retrieved chunks
are selectively expanded and reordered according
to their original document positions, producing a
coherent reading context for the LLM.

3.2 Neighborhood Graph Construction

Given a document D, we first partition it into [NV
text chunks using a segmentation strategy, denoted
as V = {c1,ca,...,cn}. Existing retrieval-based
approaches often treat these chunks as indepen-
dent units, overlooking two important structural
signals in long documents: topical relations be-
tween semantically related chunks and positional
dependencies induced by their physical locations.

To capture both aspects, we represent the document
as a neighborhood graph.

Topical Neighbors To model topical relations,
we connect chunks according to their semantic sim-
ilarity, enabling transitions between segments that
may be distant in the document but share related
content. Specifically, we define a scoring function
¢V xV — R, such as a sparse or dense retriever,
that measures the affinity between two chunks. For
each chunk ¢;, its topical neighborhood /\/tf)’bic is
defined as the set of its K most relevant chunks:

wopic = ToPK e\ (c;3 #(cincg). (D)
wherein TopK returns the K chunks with the high-
est similarity scores.

Physical Neighbors Document chunking may
fragment local context and may break discourse
dependencies such as coreference. To preserve
the sequential structure of the original document,
we introduce a physical neighborhood relation that
captures positional adjacency between chunks. For-
mally, the physical neighborhood of chunk c; is de-
fined as pcﬁy = {¢i—1, ¢it+1}, where out-of-range
neighbors are omitted for boundary chunks.

3.3 Neighborhood Graph Exploration

Given a query g, we perform iterative exploration
over the neighborhood graph. To combine global
retrieval signals with locally propagated relevance,
the exploration maintains two candidate pools.

¢ Initial Pool (Z): The initial pool provides

a global retrieval prior, storing up to Npax

chunk-score pairs (¢, s5,;,), where N,y is the
maximum number of chunks allowed by the
context budget, and s{ ;, is the initial relevance
score between chunk c and query g from a
lightweight first-stage retriever such as BM25.
These scores remain fixed during exploration,
and the chunks are ranked by s¢ .. to guide the

init
order of graph exploration.

« Frontier Pool (F(!)): The frontier pool main-
tains chunk-score pairs (c, 52“), where s is
the exploration score of chunk c at iteration
t. It is initialized as F(°) = . During explo-
ration, once a chunk is selected and verified,
its topical neighbors are inserted into the fron-
tier pool with propagated scores. If a neigh-
bor is already present in the frontier pool, its
score is updated accordingly. In this way, F(*)
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Figure 2: The overall pipeline of NEAR consists of neighborhood graph construction, neighborhood graph
exploration, and input reconstruction. We present two iterations: the orange solid line denotes the first iteration,
where chunks are selected from the initial pool, and the gray dashed line denotes the second iteration, where chunks
are selected from the frontier pool. We also illustrate the score propagation and update process for both iterations.

stores the current exploration frontier induced
by previously verified chunks.

Because the two pools rely on different scoring
functions, a chunk may maintain separate scores in
the initial and frontier pools.

Iterative Chunk Selection The exploration iter-
atively constructs a context set £, initialized as (),
which stores selected chunk-score pairs. At each
iteration ¢, the active candidate pool is defined as:

prom 7z, if ¢ is even @)
F®_ iftisodd
The chunk selected at step ¢ is then given by:
) = arg max S 3)

cex ()

The iteration index starts from ¢t = 0, with the
active pool alternating between the initial and fron-
tier pools. This alternating strategy prevents explo-
ration from becoming trapped in narrow semantic
regions (Tong et al., 2006) while balancing global
query relevance with locally propagated contextual
cues. As aresult, NEAR achieves both broad cover-
age and local contextual depth during exploration.

Trust But Verify (TBV) After selecting chunk
B, we apply the Trust But Verify (TBV) proce-
dure to maintain the quality of the retrieved context
during exploration. While ¢() is rrusted and re-
tained for consideration, we verify its relevance to
the query ¢ to prevent error propagation from mis-
leading or only superficially related chunks. Specif-
ically, a stronger verification function (g, ¢) is

applied to re-evaluate the pertinence of the chunk,

0N

producing a verification score s _;:

o)

veri — 1/](% C(t))

s “)
The verified chunk is then incorporated into the
context set £:
)}

To maintain efficiency and avoid repeated se-
lection, any chunk added to £ is removed from
both candidate pools, ensuring that it will not be
reconsidered in subsequent iterations.

&)

veri

E+EU {(c(t), s

Verified Score Propagation Chunks that are rel-
evant to the query often have topical neighbors
that are also relevant. We therefore propagate the
verified score of the selected chunk ¢(*) to guide
subsequent exploration. For each topical neigh-
bor ¢; € ./\/'tf);;i)C that has not yet been added to the
context set £, we update its exploration score as
follows:

(t) .
(t+1) — Veri if ¢j ¢ FO ©)
%e; | max (s(t) sc(t>) ifc; e FO
Cj o “veri ) 2 J
. . (t+1)5 .
The resulting chunk-score pair (c;, s¢; ) is then

inserted into F(t1) or updated if already present.
This update rule prioritizes neighbors of highly rel-
evant chunks, helping exploration focus on content
that is more likely to contribute to the final recon-
structed context while reducing the influence of
less relevant candidates.
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Termination This iterative process of selection,
verification, and propagation continuously expands
the context set £. The algorithm terminates when a
predefined computation budget or context-window
budget is exhausted. The stopping criteria are:

€] > Nuax or Y e > Towax ~ (7)

(e,8)€€

where Tiax is the total token budget, and |c| de-
notes the token count of chunk c.

3.4 Input Context Reconstruction

Budget-Aware Chunk Expansion After iter-
ative exploration, directly concatenating the re-
trieved chunks may still yield fragmented con-
text and disrupt the original reading flow. To
improve local coherence, we selectively expand
high-priority chunks using their physical neighbors.
Because expanding every retrieved chunk would
quickly exceed the token budget, we first rank the
chunks in &£ by their verified scores and choose the
top Keed chunks as the core set Eqre. For each
core chunk ¢; € Eore, we include only the bound-
ary portions of its immediate physical neighbors:

D(¢;) = Suffix(c;—1, a)De;®Prefix(ciy1, ) (8)

where « € (0, 1] is the expansion ratio, & denotes
concatenation, and Suffix /Prefix return the corre-
sponding fraction of boundary tokens. For bound-
ary chunks, expansion is applied only on the avail-
able side. This selective expansion improves local
continuity around the most important chunks while
remaining within the context budget.

Position Reordering and Concatenation To
form the final prompt context, we replace each core
chunk in &£ with its expanded version ®(c¢;) and
keep the remaining chunks in € \ Eqore unchanged.
We then merge these text segments, removing any
overlapping or repeated spans. To preserve the orig-
inal document flow, all segments in the updated £
are sorted by their absolute positions in the source
document D (Laitenberger et al., 2025). The final
context sequence Tconeext 1S Obtained by concatenat-
ing the sorted segments:

Teontext = COHCﬂtcEsorted(é‘) (C) ©))

Finally, 7Tcontext and the user query ¢ are incorpo-
rated into a prompt template, assembling a coherent
and contextually enriched input for the model to
facilitate accurate long-document comprehension.

4 Experimental Setup
4.1 Benchmarks

Datasets To comprehensively evaluate our
method, we conduct experiments on six datasets
covering both single-hop and multi-hop question
answering (QA) scenarios. Specifically, the single-
hop long-context QA benchmark includes Multi-
FieldQA_en (Yuan et al., 2024), Loogle-SD (Li
et al., 2024a), and Factrecall (Yuan et al., 2024),
while the multi-hop long-context QA benchmark
includes Loogle-MIR (Li et al., 2024a), HotpotWik-
iQA (Yang et al., 2018; Yuan et al., 2024), and
Loogle-CR (Li et al., 2024a). Furthermore, fol-
lowing the construction protocol of LVEval (Yuan
et al., 2024), we select text subsets with lengths
ranging from 16k to 256k tokens to evaluate the
robustness of NEAR on ultra-long documents.

Metrics To ensure a fair and comprehensive com-
parison, we apply post-processing to model outputs
and adopt two evaluation metrics. The first is the
standard F1 score provided by LVEval (Yuan et al.,
2024). The second is LLM-based evaluation score,
where we use a stronger model, Qwen3-32B (Qwen
Team, 2025), as the judge to score predicted an-
swers against the ground truth. The prompt tem-
plates and detailed post-processing procedures are
provided in the Appendix H and B.

4.2 Baselines

We use Llama-3-8B-Instruct (Llama Team, 2024)
and Mistral-7B-Instruct-v0.3 (Jiang et al., 2023) as
backbone LLMs. Their maximum context lengths
are 8k and 32k, respectively. We compare our
method against representative baselines from three
technical paradigms: (i) architecture-modifying
methods for long context modeling, including LM-
Infinite (Han et al., 2024) and InfLLM (Xiao et al.,
2024), for which we follow the original infer-
ence procedures; (ii) chunking and candidate se-
lection methods, including Dynamic Chunking and
Selection (DCS) (Sheng et al., 2025), retrieval-
based methods that use BM25 and MiniLM-L12-
v2 (Wang et al., 2020) for TopK candidate re-
trieval; and (iii) graph-structured approaches such
as GraphReader (Li et al., 2024c), which constructs
document-level graphs to facilitate long-form read-
ing comprehension.

4.3 Implementation Details

For ¢(c;, ¢;), we use BM25 for scoring, while for
¥(q, ¢), we adopt the sentence-transformer model
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Method Factrecall  MultifieldQA  Loogle_SD Loogle_CR  Loogle MIR HotpotWikiQA  Total AVG
F1 LLM Fl LLM F1 LLM FI LLM Fl LLM Fl LLM F1 LLM
Llama-3-8B-Instruct  43.56 39.50 18.30 27.12 27.49 38.12 16.44 2273 12.68 2432 1422 18.68 22.11 2841
w/ InfLLM 4949 4875 1834 2743 2148 3044 1577 2352 11.76 2272 9.60 2047 21.07 28.88
w/ LM-Infinite 35.67 33.60 1424 2032 2141 2650 13.99 1959 11.87 18.69 1345 1742 1844 22.68
w/ BM25 5450 50.55 28.14 4197 5421 6731 2328 3238 23.13 3824 2382 3274 3451 4386
w/MiniLM-L12-v2  72.70 7250 27.96 40.75 51.59 6537 23.19 3223 23.09 39.71 2377 2995 37.05 46.75
w/ DCS 88.40 8495 2479 41.88 3492 46.79 19.53 27.68 18.77 3093 24.09 2947 35.08 43.61
w/ GraphReader 85.00 86.00 35.26 4247 50.57 6344 2071 29.85 1396 2691 20.13 27.17 37.61 4597
w/ NEAR (Ours) 93.76 90.50 3142 44.65 58.19 71.69 2556 34.13 25.07 41.27 2576 3091 4329 52.19

Table 1: Performance comparison of various methods across different datasets with a context length of 16k tokens.
We employ Llama-3 as the base reader and utilize recursive chunking for text segmentation. Both F1 score and
LLM-based evaluation metrics are reported. The best results are highlighted in blue . Results based on Mistral, as
well as those utilizing fixed-length chunking, are detailed in the Appendix C.
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Llama-3-8B-Instruct —+— MiniLM DCs
BM25 GraphReader - NEAR

128k 256k

Figure 3: Average F1 scores on six datasets across input
lengths from 16k to 256k tokens using Llama-3-8B-
Instruct. The results illustrate the exceptional stability
of NEAR on ultra-long documents.

MiniLM-L12-v2. We consider two text chunk-
ing strategies: fixed-token chunking and recursive
chunking. In recursive chunking, every three con-
secutive sentences are first grouped into a prelim-
inary unit, which is then packed to approach the
token-length limit. For our method with recursive
chunking, we set the number of topical neighbors
per node K to 8, the expansion ratio o to 30%, and
the number of top seed chunks Keq to 18. All
chunk-based methods are evaluated under the same
configuration: we cap the input context at 7.5k to-
kens, use a maximum chunk size of 128 tokens,
and set N ax to 56. Additional implementation
details are provided in the Appendix E.

S Results and Analysis

5.1 Main Results

Table 1 compares NEAR with several competi-
tive baseline models across six long-document QA
datasets. Overall, NEAR achieves the best aver-

age performance, recording the highest F1 score
(43.29) and LLLM-based evaluation score (52.19).
Notably, NEAR substantially improves the compre-
hension accuracy of the base Llama-3-8B-Instruct
model. Furthermore, when compared to advanced
methods, NEAR’s advantages are equally promi-
nent. For instance, although dynamic chunking
and selection methods like DCS effectively filter
out irrelevant noise, they ultimately provide the
LLM with disjointed text snippets. By reconstruct-
ing these fragmented chunks into a more coherent
and query-relevant reading context, NEAR outper-
forms DCS by a relative margin of 23.40% in av-
erage F1. Additionally, against GraphReader, a
strong baseline that relies on LLLM-based atomic
information extraction, NEAR achieves a 15.10%
relative improvement. We attribute this to the fact
that atomic extraction often disrupts the original
narrative flow. In contrast, NEAR operates directly
on original text segments via its dual-layer neigh-
borhood graph, better preserving document struc-
ture and continuity. In conclusion, these results
demonstrate that NEAR effectively reconstructs
a coherent and query-relevant context from frag-
mented retrieved chunks. By providing the model
with a more continuous and information-rich in-
put sequence, NEAR significantly enhances final
answer accuracy.

5.2 Robustness Across Extended Contexts

To evaluate performance on ultra-long documents,
we compare NEAR with competitive baselines
across input lengths ranging from 16k to 256k to-
kens. As shown in Figure 3, NEAR consistently
maintains the highest average scores across all eval-
uated scales. As document length increases, base-
lines suffer severe performance degradation. This
trend suggests that conventional long-document

20439



444

44 - w/o TBV -+ Single Source 44+ —4+ w/o Topical
—4— NEAR (Full) =4— NEAR (Full) =% w/o Physical
\/\+ NEAR (Full)
42 431 424 \
beeel
;\? o.\\\ 40 TTTeemmees A
~ 40 Sso 42 N
[ So---mmmo N N _A
s \\ \\\ ’,”
Q N w
n \\ 38 /,N‘\\
g % \o 417 < \\\V\
I \‘s\ //, \\\
qh; ~~.d v \\ //,,V
> 36 v
< 36
T T T T T 40— T T T T T T T T T
16k 32k 64k 128k 256k 16k 32k 64k 128k 256k 16k 32k 64k 128k 256k

Input Length

(a) Effect of TBV

Input Length

(b) Single vs. Dual-Source

Input Length

(c) Dual-Layer Structure
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token input length. The x-axis represents the combined
strategies, where the first line corresponds to graph con-
struction and the second line to TBV scoring. Evaluated
across six datasets via average F1 scores and time costs
(minutes).

pipelines become increasingly brittle when rele-
vant information is distributed more sparsely and
surrounded by more distracting content. In stark
contrast, NEAR demonstrates exceptional stability,
varying by less than 2 absolute percentage points
across the entire spectrum. At the extreme 256k
context length, NEAR establishes a substantial
lead, outperforming DCS and BM25 by relative
margins of 92.0% and 45.3%, respectively. This ro-
bustness likely stems from NEAR’s ability to recon-
struct coherent context by combining long-range
topical relatedness with local continuity, rather than
relying on isolated retrieved chunks alone.

5.3 Ablation

We conduct three sets of ablation experiments to
validate the design choices of NEAR, with detailed
results reported in Figure 4.

TBY Mechanism Removing the Trust But Ver-
ify module leads to consistent performance drops
across all document lengths, and the gap widens
as input length increases. Specifically, the drop
grows from about 3 percentage points at 16k to-
kens to about 6 percentage points at 256k tokens.
This result highlights the importance of explicit
relevance verification in ultra-long contexts, where
iterative expansion may otherwise propagate noisy
or weakly relevant chunks.

Dual-Source Exploration Replacing the alter-
nating dual-source strategy with single-source ex-
ploration (i.e., relying solely on the Frontier Pool
JF) leads to a consistent and noticeable drop in per-
formance; for example, the performance decreases
by 2.71% at 256k tokens. This result further val-
idates that balancing global query similarity with
local frontier expansion is important for preventing
premature convergence to semantically narrow or
overly concentrated regions.

Dual-Layer Graph We further study the contri-
bution of the dual-layer neighborhood graph. Using
only the physical graph or only the topical graph
degrades performance consistently across all in-
put lengths. This suggests that topical relations
alone may introduce noise and coreference ambigu-
ity, while physical relations alone are insufficient
to capture important long-distance dependencies.
Combining both graph layers yields the best perfor-
mance across all evaluation scales.

5.4 Discussion

Scoring Mechanism Selection We evaluate sev-
eral scoring methods for neighborhood graph con-
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Method Factrecall

HotpotWikiQA Loogle CR Loogle MIR Loogle_SD

MultifieldQA  Average

TT 90.50 19.35 19.19
TF 3.00 5.65 4.04
FT 4.00 7.26 8.08
FF 2.50

22.30 49.38 23.76 39.45
11.51 6.88 4.95 5.81
12.23 11.25 7.92 8.18

32.50 46.56

Table 2: Quantitative comparison of graph construction correctness between BM25 and BGE-reranker-large. TT:
both methods correct; TF: only BM25 correct; FT: only BGE-reranker correct; FF: both methods incorrect. All

values are percentages (%).

struction and TBV verification: sparse retrieval
(BM25), dense retrieval (MiniLM-L12-v2), and
cross-encoder reranking namely BGE-reranker-
large (Xiao et al., 2023). As shown in Figure 5,
the first two provide the optimal balance of accu-
racy and efficiency. Therefore, we adopt BM25
for initial graph construction to enable fast lexical
matching in large spaces, and use MiniLM for TBV
verification to achieve strong semantic matching at
moderate cost. Although the cross-encoder yields
higher accuracy, its substantial computational over-
head limits its practicality.

To further quantify the limitations of BM25’s
lexical matching in graph construction, we con-
duct comparative experiments on six benchmark
datasets, building graphs with BM25 and BGE-
reranker-large, respectively. A relation is con-
sidered correctly constructed if its semantic sim-
ilarity to the ground-truth relation exceeds 70%.
As shown in Table 2, the overall metric differ-
ence FT — TF = 2.37% indicates that BM25-
based graph construction only loses a small num-
ber of relations that are semantically recoverable.
Combined with the substantial computational over-
head of BGE-reranker-large for graph construc-
tion, this result validates the rationale of adopt-
ing BM25 as the initial graph builder. Benefiting
from NEAR'’s dual-source exploration mechanism
and TBV mechanism, the risk of error propaga-
tion caused by locally incorrect relations can be
effectively mitigated. Therefore, this limited struc-
tural loss constitutes an acceptable performance-
efficiency trade-off.

Hyperparameters We conduct systematic hy-
perparameter optimization experiments to deter-
mine the optimal configuration, with detailed re-
sults shown in Table 3. Taking Llama-3 as an ex-
ample, the optimal chunk size is 128 tokens under
the recursive chunking strategy. If the granularity
is too small, chunks may lack sufficient informa-
tion to construct meaningful topical edges in the

Hyperparameter Settings & F1 Score

(a) Neighbors (K) 1 2 4 8 16
40.73 41.05 4253 4329 4221

(b) Chunk Size 64 128 256 512 1024
43.04 4329 41.12 3944 39.33

(¢) Ratio o (%) 10 30 50 75 100
4298 4329 4206 4213 41.17

(d) Kseed 1 6 12 18 24
4242 4271 4293 4329 43.02

Table 3: Hyperparameter sensitivity analysis. All ex-
periments are conducted under the 16k context window
constraint, with average F1 scores across six datasets
reported. The optimal configurations are highlighted.

1694x

, [EEE 16k Length
100 [ 256k Length

8.6x

Relative Time Cost
(Normalized to NEAR)

1oxt0x 11X

TR .

InfLLM  LM-Infinite ~ BM25 MiniLM DCS GraphReader NEAR NEAR (Build)

Figure 6: Relative time cost comparison of various meth-
ods normalized to NEAR. We report the average pro-
cessing time evaluated on six datasets with input lengths
of 16k and 256k tokens, where "NEAR (Build)" in-
cludes the neighborhood graph construction overhead.

graph. If they are too large, chunk representations
become less specific, which can reduce retrieval
precision and introduce irrelevant content into the
reconstructed context. For the adaptive expansion
ratio «, the optimal value is 50% for fixed-size
chunking and 30% for recursive chunking. This is
consistent with the intuition that recursive chunk-
ing preserves natural sentence boundaries more
effectively, thus requiring less external context to
maintain coherence. Notably, NEAR exhibits only
small performance fluctuations, indicating strong
robustness to hyperparameter choices.
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Chunk Size (tokens)

Method

64 128 256 512 1024
BM25 31.99 3451 3553 35.07 3393
MiniLM-L12-v2 34.73 37.05 36.09 3343 29.18
NEAR 43.04 43.29 41.12 39.44 39.33

A(NEAR -Best) 831 624 503 437 540

Table 4: Result over different chunk sizes. All ex-
periments are performed within a 16k-token context
window, and we report the average F1 score over six
datasets. A denotes the performance gain of NEAR
over the best baseline under each chunk size.

Computational Efficiency We analyze the com-
putational overhead of NEAR against representa-
tive baselines, with results shown in Figure 6. A
key practical advantage of NEAR is the separa-
tion between offline graph construction and online
inference, which allows preprocessing cost to be
amortized across multiple queries. During online
inference, NEAR performs only lightweight graph
exploration and context reconstruction. As a re-
sult, its latency (1.0x) remains close to that of di-
rect retrieval baselines such as BM25. NEAR also
avoids the additional cost associated with dynamic
chunking methods. Approaches such as DCS in-
cur substantial overhead, reaching 35x at 256k
tokens, because they rely on semantically adaptive
segmentation before retrieval. In contrast, NEAR
works effectively with simple chunk partitions and
restores missing coherence through a lightweight
post-retrieval reconstruction step. The efficiency
of NEAR is also evident in the offline stage. Meth-
ods such as GraphReader become increasingly ex-
pensive as document length grows because graph
construction depends on repeated LLM calls. Its
overhead rises from 8.6 at 16k tokens to 1694 x
at 256k tokens. By comparison, NEAR constructs
its neighborhood graph using lightweight scoring
functions, and its full build cost remains limited to
7.1x even at 256k tokens. Overall, NEAR retains
the structural benefits of graph-based context re-
construction while keeping preprocessing cost and
inference latency at a practical level.

Impact of Information Fragmentation Infor-
mation fragmentation is a central challenge in
long-context retrieval. In this section, we treat
chunk size as a controllable proxy for fragmenta-
tion severity and investigate how varying degrees
of fragmentation affect retrieval performance. As
shown in Table 4, both excessive fragmentation

and overly coarse granularity degrade performance.
Very small chunks lose necessary surrounding con-
text, while very large chunks, although preserving
more context, introduce substantial noise that ren-
ders retrieval unreliable. More importantly, as frag-
mentation intensifies, the performance gap between
NEAR and strong baselines consistently widens,
growing from 5.40 at 1024 tokens to 8.31 at 64
tokens. This trend directly validates our core claim:
when information is highly fragmented and indi-
vidual chunks lack sufficient local context, NEAR
can reconstruct coherent context and effectively
mitigate the adverse effects of fragmentation.

6 Conclusion

We present NEAR, a lightweight, training-free
framework designed to reconstruct coherent con-
text from fragmented chunks. Rather than treating
retrieved chunks in isolation or relying on expen-
sive LLM-based graph construction, NEAR mod-
els inherent structural relations in text and reor-
ganizes the original content into a logically co-
herent, query-relevant sequence, without requiring
costly chunk optimization. Extensive experiments
on long-document question answering benchmarks
show that NEAR consistently improves down-
stream accuracy and remains highly robust as doc-
ument length increases substantially. NEAR incurs
minimal online inference overhead while support-
ing offline precomputation, making it well suited
for scalable, low-latency real-world deployment.
We hope this work will inspire future research on
context reconstruction and more efficient methods
for long-document reading comprehension.

Limitations

While NEAR effectively balances efficiency and
performance, its design leaves room for im-
provement in two aspects. First, to maintain a
lightweight graph construction process, NEAR re-
lies primarily on BM25 for the initial graph con-
struction. Although subsequent vector-based verifi-
cation helps refine the graph, these relatively coarse
matching signals may still fail to capture implicit
coreference relationships across chunks. Future
work could incorporate richer structural represen-
tations, such as AMR-based representations (Ba-
narescu et al., 2013), to better identify such latent
dependencies. Second, in favor of efficiency, sev-
eral components of NEAR employ relatively sim-
ple heuristics, without being jointly optimized un-
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der a unified objective or explicitly accounting for
factors such as distance-aware decay and varying
edge confidence. More adaptive routing and propa-
gation mechanisms, guided by expected informa-
tion gain or uncertainty reduction, could therefore
further improve the robustness, interpretability, and
generalizability of the framework.
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A LVEval Benchmark

We evaluate our method using LVEval (Yuan et al.,
2024), a comprehensive benchmark designed to
assess the long-context understanding of LLMs.
LVEval challenges models across five length tiers
(16k, 32k, 64k, 128k, and 256k tokens) on both
single-hop and multi-hop question answering (QA)
tasks. To ensure rigorous and objective evalua-
tion, the benchmark incorporates three key mech-
anisms: (1) deliberately inserting confusing facts
to test distractor identification; (2) applying key-
word substitution to prevent models from relying
on superficial pattern matching; and (3) utilizing
keyword-recall-based metrics to mitigate the biases
of traditional evaluation scoring. In this study, we
conduct experiments on the six English datasets
from LVEval. Detailed length statistics for each
dataset are provided in Table 5.

B Post-processing

To ensure precise evaluation and mitigate the im-
pact of verbose or redundant model outputs on
metric calculation, we implemented a rigorous post
processing pipeline for the model predictions. The

Dataset 16k 32k 64k 128k 256k
Factrecall 13,920 27,670 54,744 108,311 213,750
HotpotWikiQA 20,286 36,414 68,005 132,253 260,506
Loogle_CR 25,093 40,928 77,021 141,723 270,157
Loogle_MIR 26,245 40,555 78,006 142,490 271,622
Loogle_SD 19,893 40,183 73,787 138,642 265,863
MultiFieldQA 18,854 35,212 67,333 130,623 258,984
Average 20,715 36,827 69,816 132,340 256,814

Table 5: Detailed average token lengths for the six se-
lected LVEval datasets across different context length
settings.

post-process strategy consists of four key compo-
nents: Prefix and Artifact Removal: We strip spe-
cific instructional prefixes (e.g., "Answer:", "As-
sistant:") and model specific termination tokens to
isolate the core response. Stop Phrase Truncation:
To prevent hallucinated continuations where the
model generates subsequent questions or repeats
input context, we define a set of stop markers (in-
cluding "Question:", "Article:", and "Note:"). The
output is truncated immediately upon the detec-
tion of any such marker. Single Line Enforcement:
Given the concise nature of the QA tasks in LVE-
val, we retain only the first line of the generated
text, discarding any subsequent elaboration or rea-
soning that often introduces noise. Parenthetical
Filtering: We verify parenthetical content to re-
move "self correction” or meta commentary (e.g.,
phrases indicating "incorrect” or "typo"), ensuring
that only the primary candidate answer remains for
evaluation. We provide examples in Figure 7.

C More Results

C.1 Results on Fixed Chunking

To further verify the robustness of the NEAR
method, we evaluated its performance under a
fixed chunking strategy. Table 6 presents a per-
formance comparison between traditional retrieval
augmented methods and NEAR across six QA
datasets under the fixed 128 token chunking setting.
As can be seen from the results, under the fixed
chunking constraint, NEAR achieves significant ac-
curacy improvements on all evaluated datasets: on
the Factrecall_en dataset, the accuracy of NEAR
is improved by approximately 23.45% compared
to the best performing baseline model, and the im-
provement over the baseline model Llama-3-8B-
Instruct exceeds 100%; on the comprehensive met-
ric Total AVG, the performance of NEAR is also
improved by approximately 12.39% compared to
the best performing baseline method. This indi-
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Category

Self-Correction / Note

Stop Marker (Truncation)

Prefix Removal

Parenthetical Self-Correction

Instructional Text Removal

Answer: Ludwig Beethoven

Raw Model Output

Ludwig Beethoven (Note: he is not a real physicist, but a composer...)

Ludwig Beethoven\nQuestion: What is the name of the scientist...?

Ludwig Beethoven (This is incorrect, the correct answer is Albert Einstein)

Ludwig Beethoven\nPlease answer the following question...

Post processed Output

Ludwig Beethoven

Ludwig Beethoven

Ludwig Beethoven

Ludwig Beethoven

Ludwig Beethoven

Figure 7: Example of the post-processing pipeline on the Factrecall_en dataset.

Model Factrecall MultiFieldQA Loogle_SD Loogle_ CR Loogle_ MIR HotpotWikiQA AVG
Llama-3-8B-Instruct 43.56 18.30 27.49 16.44 12.68 1422 22.11
BM25 59.00 27.67 50.20 21.48 20.27 26.34 34.16
MiniLM-L12-v2 72.50 28.02 48.65 2245 21.84 2437 36.31
NEAR (Ours) 89.50 28.64 54.22 23.06 22.50 2691 40.81

Table 6: Performance comparison on different datasets. We use a fixed chunk size of 128 tokens for text segmentation.
The best results in each column are highlighted in bold with a blue background.

cates that NEAR can not only leverage its strengths
in recursive chunking scenarios but also maintain
excellent performance under fixed chunking strate-
gies, fully demonstrating its good adaptability and
robustness to different chunking methods.

C.2 Results on Mistral

To further validate the generalization capability
of NEAR across diverse foundation models, we
carry out supplementary experiments on Mistral-
7B-Instruct-v0.3 over context lengths ranging from
16k to 256k tokens, as visualized in Figure 8. While
vanilla Mistral and most baselines degrade sub-
stantially with extended context, NEAR sustains
high average F1 above 40 with negligible perfor-
mance drop even at 256k tokens. Impressively,
as shown in Figure 9, our approach using only
7,500 tokens outperforms vanilla Mistral with a
30,000-token budget, showing great efficiency for
long-context tasks. The dataset-level results at
16k context are summarized in Table 7. NEAR
achieves the best overall average and obtains top
performance on five of six datasets, with strong
results across most benchmarks. Jointly, these re-
sults demonstrate consistent performance gains on
Mistral-7B-Instruct-v0.3 and confirm our method’s
strong generalization across different base models.

C.3 Results on More Document-Centric Tasks

To demonstrate the generalization of NEAR, we
conduct supplementary experiments on additional
datasets covering different document-centric tasks.
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Figure 8: Average F1 scores over six datasets with input
lengths ranging from 16k to 256k tokens on Mistral-
7B-Instruct-v0.3. NEAR maintains stable high perfor-
mance, while vanilla Mistral and most baseline methods
suffer obvious performance degradation as the input
context expands.

We test multi-document QA and multi-hop reason-
ing on HotpotQA (Yang et al., 2018), evidence
extraction and information retrieval on Passage Re-
trieval En (Bai et al., 2024), and multi-document
summarization on Multi-News (Fabbri et al.,
2019). Table 8 presents the results based on
Llama-3-8-Instruct. NEAR obtains the best av-
erage performance over the three tasks and outper-
forms other compared methods across these diverse
task settings. These results show that NEAR can
work well beyond question answering and has good
generalization for various document-centric appli-
cations.
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HotpotWikiQA Loogle_CR Loogle_ MIR Loogle_ SD MultifieldQA AVG

Method Factrecall
Mistral-7B-Instruct-v0.3 37.42 10.78
With InfLLM 50.60 9.31
With LM-Infinite 57.96 8.72
With BM25 55.50 20.24
With MiniLM-L12-v2 71.50 19.89
With DCS 34.35 20.52
With GraphReader 74.93 22.05
With NEAR (Ours) 86.54 22.20

18.53
15.77
16.89
23.65
22.78
21.85
20.53
25.26

16.93 28.47 20.60 22.13
12.02 19.48 18.36 20.92
11.97 15.84 16.97 21.39
21.65 54.79 28.93 34.13
20.35 54.68 28.96 36.36
18.17 35.67 27.82 26.40
18.76 38.87 31.58 34.45
22.83 57.69 30.62 40.86

Table 7: Performance comparison of various methods across different datasets with a context length of 16k tokens.
We employ Mistral-7B-Instruct-v0.3 as the base reader and utilize recursive chunking for text segmentation. Only
F1 scores are reported. The best results are highlighted in blue .
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Figure 9: Experimental results on six datasets (Loogle-
SD, MultiFieldQA, Factrecall, Loogle-MIR, Hot-
potWikiQA, Loogle-CR) based on the Mistral-7B
model. The x-axis denotes the range of input context
lengths (from 16k to 256k tokens), while the y-axis re-
ports the average F1 scores of the evaluated methods.

D Algorithm Description

Algorithm 1 presents the detailed procedure of
NEAR, which consists of three phases: neighbor-
hood graph construction, neighborhood graph ex-
ploration, and input context reconstruction.

D.1 Neighborhood Graph Construction

NEAR first chunks the document D into V =
{c1,...,cn} and builds a sparse neighborhood
graph. For each chunk ¢;, it retrieves a topi-
cal neighbor set /\/'tf)i)ic as the Top-K most simi-
lar chunks under ¢(c;, ¢;), and defines a physical
neighbor set ./\/;fﬁy = {¢i—1, ¢i+1} to capture local
order. This graph is constructed offline and can
be cached and reused across queries. The offline
cost is O(N?) with exhaustive similarity, or about
O(N log N') when Top-K retrieval is supported by
an index; physical neighbors take O(N).

D.2 Neighborhood Graph Exploration

Given query ¢, NEAR maintains an initial pool Z
(global prior from BM25) and a frontier pool F(*)
(candidates reached from verified chunks). At iter-
ation ¢, it alternates between Z and F ® to select
the next chunk, which helps balance global cov-
erage and local refinement. After selecting ¢(*),
NEAR applies Trust But Verify by re-scoring with
¥ (g, V) and propagates the verified score to top-
ical neighbors to update the frontier. Let L be
the number of iterations. By the stopping criteria,
L < Npax (and is also bounded by T},.x). With
priority queues, each iteration performs one pop
in O(log IV), one verification with cost 77, and at
most K frontier updates in O(K log N). Thus the
online exploration cost is O(L - (K -log N +Ty)).

D.3 Input Context Reconstruction

To form a coherent prompt, NEAR expands only
the top Kgeeq chunks (by verified scores) using
boundary tokens from their physical neighbors with
ratio «, then merges overlaps and reorders all seg-
ments by their positions in D before concatenation.
This step costs O( Npax 10g Nyax) for sorting plus
linear time in the final context length.

E More Analysis and Details

To situate our approach within the current land-
scape of long-context modeling, we categorize ex-
isting baselines into three primary streams and ana-
lyze their respective behaviors:

(i) Architecture-modifying methods. Methods
like LM-Infinite (Han et al., 2024) and In-
fLLM (Xiao et al., 2024) optimize attention mecha-
nisms (e.g., local attention masks or external mem-
ory lookups) to extend the effective context window.
While these designs maintain fluency and reduce
perplexity, they often prioritize length extrapolation
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Method HotpotQA Passage Retrieval En  Multi-News AVG
Llama-3-8B-Instruct 46.74 66.5 27.65 46.96
w/ InfLLM 44.15 74.00 27.59 48.58
w/ LM-Infinite 47.52 47.50 27.66 40.89
w/ MiniLM-L12-v2 51.24 97.50 27.58 58.77
w/ BM25 50.99 97.50 27.46 58.65
w/ DCS 48.85 90.00 27.52 55.46
w/ GraphReader 46.67 62.02 27.11 45.26
w/ NEAR 52.26 99.00 28.13 59.80

Table 8: Experimental results across different document-centric tasks based on Llama-3-8B-Instruct.

over retrieval precision. By compressing or ignor-
ing the middle context, these models frequently
miss critical information required for precise QA
tasks.

(ii) Chunking and selection strategies. Ap-
proaches such as DCS (Sheng et al., 2025) and
traditional retrieval pipelines reduce input noise by
selecting only the most query-relevant segments.
However, a critical drawback of purely selection-
based methods is that they treat text chunks as in-
dependent entities, ignoring the intrinsic logical
connections and narrative flow of the original doc-
ument. Consequently, the provided context is logi-
cally fragmented. This severely limits the model’s
ability to answer complex questions that depend on
integrating information from spatially distant but
implicitly related chunks.

(iii) Graph-structured approaches. To ad-
dress structural fragmentation, methods like
GraphReader (Li et al., 2024c) explicitly model
segment relationships by constructing document-
level graphs. While this structural awareness im-
proves comprehension stability, relying on repeated
LLM calls for graph construction and traversal in-
troduces prohibitive computational overhead and
latency. NEAR mitigates this cost by adopting
lightweight scoring functions (e.g., BM25) to ef-
ficiently construct the graph topology, striking a
practical balance between deep structural aware-
ness and inference speed.

(iv) Fair comparison and implementation de-
tails. To ensure a rigorous and fair evaluation,
we evaluate all methods under identical hardware
environments (NVIDIA RTX 3090 GPUs) and in-
troduce strict control variables to isolate the im-
pact of context modeling. While we maintain the
core mechanisms of each baseline, necessary uni-
fications are applied. For architecture-modifying
methods, we strictly follow their native inference

F1 Qwen-32B  JudgeLM Llama3
Spearman’s p
Fl1 1.0000 0.9286 0.8333  0.9286
Qwen-32B  0.9286 1.0000 0.9048 1.0000
JudgeLM  0.8333 0.9048 1.0000  0.9048
Llama3 0.9286 1.0000 0.9048 1.0000
Kendall’s 7
Fl1 1.0000 0.7857 0.7143  0.7857
Qwen-32B  0.7857 1.0000 0.7857 1.0000
JudgeLM  0.7143 0.7857 1.0000  0.7857
Llama3 0.7857 1.0000 0.7857 1.0000

Table 9: Correlation coefficient matrix across different
judge models.

procedures. For GraphReader (Li et al., 2024c),
we replace its backbone with Llama-3-8B-Instruct
across all graph operations to rule out performance
differences caused by underlying LLM capabili-
ties. For DCS (Sheng et al., 2025), we unify its
chunk size to 128 tokens to match our segmentation
granularity, while retaining its original query-aware
selection pipeline. This controlled protocol ensures
that the observed performance gains are directly
attributable to the context reconstruction method-
ologies themselves.

F Time and Memory Overhead

To assess practical deployment feasibility, we an-
alyze the computational overhead of NEAR. Dur-
ing inference, the peak GPU memory usage is ap-
proximately 17.58 GB (18,000 MB). This footprint
is almost entirely dominated by the Llama-3-8B-
Instruct backbone. The proposed dual-layer graph
construction and iterative traversal mechanisms in-
troduce negligible additional memory, enabling the
entire framework to operate comfortably on a sin-
gle 24GB consumer-grade GPU. Regarding infer-
ence latency, NEAR demonstrates exceptional effi-
ciency. At the 16k-token scale, direct LLM genera-
tion takes 2.68 seconds per sample, and a standard
BM25 pipeline takes 2.75 seconds. NEAR requires
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Origin Lenient  Strict
Spearman’s p
Origin  1.0000 0.9762 0.9524
Lenient 0.9762 1.0000 0.9762
Strict 0.9524 0.9762 1.0000
Kendall’s 7
Origin  1.0000 0.9286 0.8571
Lenient 0.9286 1.0000 0.9286
Strict 0.8571 0.9286 1.0000

Table 10: Correlation coefficient matrix across different
prompt styles.

3.19 seconds, representing a marginal increase of
only 0.44 seconds over static retrieval. Crucially,
this efficiency is maintained even on ultra-long doc-
uments: at the extreme 256k-token scale, BM25
takes 7.03 seconds while NEAR takes 7.49 seconds,
adding merely 0.46 seconds of overhead. Because
NEAR allows graph structures to be computed of-
fline and cached locally, online inference avoids
prohibitive computational bottlenecks, confirming
that the framework possesses strong scalability and
high real-world applicability.

G Consistency of LLM Evaluation

LLM-as-judge automatic evaluation is widely
adopted in LLM benchmarking. Nevertheless, its
outputs are susceptible to evaluator model charac-
teristics, prompt styles and subjective grading pref-
erences, which may introduce result fluctuations.
Its alignment with conventional objective metrics
such as Fl-score also requires further validation.
To demonstrate the robustness of our evaluation
system, we conduct consistency-check experiments
along two dimensions: judge-model variation and
grading-prompt variation.

Judge model variation To mitigate bias from
a single judge model and verify cross-model
ranking stability, we employ the popular open
source evaluator Llama-3-8B-Instruct and the
evaluation-specialized JudgeLM-7B (Zhu et al.,
2025). We fix test data, evaluation pipeline and
grading criteria, and only substitute the judge
model. This setup guarantees that ranking shifts
stem purely from evaluator differences, enabling
valid assessment of the generalizability and stabil-
ity of our evaluation results.

Prompt style variation Wording and strictness
of grading prompts directly affect scoring by LLMs.
To quantify the prompt sensitivity of our evaluation

system, we design two additional prompt variants
(lenient and strict) based on the standard prompt.
The lenient prompt prioritizes overall semantics
and task completion while tolerating minor imper-
fections in outputs. The strict prompt imposes rig-
orous requirements for factual accuracy, logical
soundness and format compliance. Full contents of
all prompts are illustrated in Figure 10.

Results We adopt Spearman’s p (Spearman,
1904) and Kendall’s 7 (KENDALL, 1938) to
measure ranking consistency, and follow com-
mon evaluation practice to set stability thresholds:
p > 0.8 and 7 > 0.7. Correlation matrices for
cross-judge-model and cross-prompt-style experi-
ments are presented in Table 9 and Table 10, respec-
tively. Experimental results exhibit high evaluation
consistency. For varying judge models, the average
correlation values are p = 0.9365 and 7 = 0.8571.
For varying prompt styles, the average correlations
reach p = 0.9863 and 7 = 0.9048. All pairwise
correlation coefficients exceed the predefined sta-
bility thresholds. These observations strongly sug-
gest that our LLM-as-judge evaluation is barely dis-
turbed by judge-model and prompt-style changes,
confirming the robustness and reliability of our
evaluation conclusions.

H Prompt

This section details the prompt templates adopted
for constructing our evaluation datasets, covering
the standardized input prompts for different task
scenarios. The specific template contents for each
setting are visualized in Figures 11, 12, and 13,
respectively. Furthermore, the dedicated grading
prompt template utilized for LLM-as-judge scoring
is provided in Figure 11.

I Notation

For better readability and clarity, we summarize
the frequently used mathematical notations and key
symbols throughout this paper in Table 11.
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Original Grader Prompt:

(System Prompt) “You are a strict grader.
Score the factual correctness of the predic-
tion by comparing it with the reference an-
swers. Only focus on factual alignment and
ignore formatting and stylistic differences.
Return only a single floating-point number
between O and 1 (inclusive) as the first to-
ken.”

Lenient Grader Prompt:

(System Prompt) “You are a lenient grader.
Evaluate the semantic match between the
prediction and the reference answer. If the
core meaning is substantially correct, assign
a high score. Minor factual discrepancies
or missing secondary details should not lead
to significant score deductions. Only deduct
points for major factual errors or completely
incorrect responses. Ignore formatting and
stylistic differences. Return only a single
floating-point number between 0 and 1 (in-
clusive) as the first token.”

Strict Grader Prompt:

(System Prompt) “You are an extremely strict
grader. Evaluate the prediction against the
reference answer with absolute precision.
Only factual correctness is taken into ac-
count, while formatting and stylistic differ-
ences are ignored. Scoring rules: Assign a
score of 1 only if the prediction is factually
identical to the reference; assign a score of 0
for any factual error, information omission or
redundant addition. No intermediate scores
are allowed. Return only one number, either
0 or 1, as the first token.”

~

J

-

Multifieldqa_en_mixup: Please answer the
following question based on the given pas-
sages. Questions and answers are only rel-
evant to one passage. Only give me the an-
swer and do not output any other explanation
and evidence.

Article: {context}

Please answer the following question based
on the above passages. Questions and an-
swers are only relevant to one passage. Only
give me the answer and do not output any
other explanation and evidence.

Question: {input} Answer:

Factrecall_en: Please answer the following
questions based on the given article.

Article: {context}

Please answer the following questions based
on the above article.

Question: {input} Answer:

LLM_Evaluator (Metric):

(System Prompt) "You are a strict grader.
Score how correct the prediction is compared
to the reference answers. Only care about
factual alignment, ignore formatting or style.
Return only one floating number between 0
and 1 (inclusive) as the first token."

(User Prompt) Model answer: {pred}
Reference answers: {answers?}

Return only the numeric score between 0 and
1.

~

J

Figure 11: Prompt templates used for MultifieldQA and
FactRecall datasets, and LLM scoring metric.

Figure 10: Full system prompts for the original, lenient,
and strict grading variants.
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Loogle_CR_mixup: Please answer the fol-
lowing question based on the given passages.
Questions and answers are only relevant to
one passage. Only give me the answer and
do not output any other explanation and evi-
dence.

Article: {context}

Please answer the following question based
on the above passages. Questions and an-
swers are only relevant to one passage. Only
give me the answer and do not output any
other explanation and evidence.

Question: {input} Answer:

Loogle_ MIR_mixup: Please answer the fol-
lowing question based on the given passages.
Questions and answers are only relevant to
one passage. Only give me the answer and
do not output any other explanation and evi-
dence.

Article: {context?}

Please answer the following question based
on the above passages. Questions and an-
swers are only relevant to one passage. Only
give me the answer and do not output any
other explanation and evidence.

Question: {input} Answer:

-

~

J

Figure 12: Prompt templates used for Loogle-CR and

Loogle-MIR datasets.

-

HotpotWikiQA_mixup: Answer the ques-
tion based on the given passages. Questions
and answers are only relevant to some pas-
sages. Only give me the answer and do not
output any other explanation and evidence.

Article: {context}

Please answer the following question based
on the above passages. Questions and an-
swers are only relevant to some passages.
Only give me the answer and do not output
any other explanation and evidence.

Question: {input} Answer:

Loogle_SD_mixup: Please answer the fol-
lowing question based on the given passages.
Questions and answers are only relevant to
one passage. Only give me the answer and
do not output any other explanation and evi-
dence.

Article: {context}

Please answer the following question based
on the above passages. Questions and an-
swers are only relevant to one passage. Only
give me the answer and do not output any
other explanation and evidence.

Question: {input} Answer:

~

/

Figure 13: Prompt templates used for HotpotWikiQA
and Loogle-SD datasets.
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Symbol

Description

D, q Input document and user query
N,V Total number of textual chunks, and the set of all chunks {c1,ca,...,cn}
Cis |l The i-th textual chunk and its token count
o(ci,cj) Scoring function measuring topical affinity/similarity between two chunks
J\/’t((’;i)ic Topical neighborhood of chunk c; based on semantic similarity
pcﬁ'y Physical neighborhood of chunk ¢; preserving positional adjacency
K Number of the most relevant chunks in the topical neighborhood
T Initial pool providing a global retrieval prior
F® Frontier pool at iteration step ¢
S5t s Initial relevance score of chunk c, and its exploration score at iteration ¢
x® Active candidate pool alternating between Z and F(*) at step ¢
c® The chunk selected from the active pool at iteration step ¢
(g, c) Verification function recomputing query-chunk relevance
Seri Verified relevance score of the selected chunk
& Context set storing selected and verified chunk-score pairs
Nnax, Tmax Maximum chunk capacity limit and total token budget for termination
Keed Number of top verified chunks selected for boundary expansion
Ecore Core subset consisting of the top Keeq chunks
Q Expansion ratio controlling the fraction of boundary tokens used
D(c;) Expanded version of core chunk ¢; including its physical neighbors
Teontext Final reconstructed and positionally reordered context sequence

Table 11: Notation and symbols used in our proposed method.
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Algorithm 1 NEAR: Neighborhood-Aware Context Reconstruction

Require: Document D, query ¢, functions ¢(-, -), 1 (-, -), neighbor size K, max chunks Ny,,x, token
budget Tiax, seed size Keeq, €Xpansion ratio o
Ensure: Final context 7congext
1: procedure NEAR(D, q, ¢, 1, K, Npmax, Tmax, Kseed, @)
// Phase 1: Neighborhood Graph Construction
Partition D into V = {c1,co,...,cn}
for each ¢; € V do
tg);ic < TopK, ey\ (e} ¢(cis ¢5) > Topical n.eighbors yia seTn.antic similarity
phy {ci—1,cit1} > Physical neighbors via positional adjacency
end for
// Phase 2: Neighborhood Graph Exploration
T < Top-Nmax{(c, BM25(q, ¢)}eey, FO 0, £ 0, t«0
while |E] < Nyax and 3 ¢ |c] < Tinax do
X® « Tiftis even else F) > Alternate between initial and frontier pool
if X() = () then
break > No candidates remain, terminate early
end if

) arg max . y (1) Sc > Select the highest-scored chunk

R A A S

e e e
AN S v

s U(q, c(t)) > Trust But Verify: re-score with stronger verifier

veri

£+ EU{(c,s¢)}; Remove ¢ from Z and F(*

veri

_ =
3 @

for each c; € /\/tc<f) where ¢; ¢ € do > Verified score propagation to topical neighbors

opic
(t+1) c® (t)  e®

S, 4= siife; & F® else max(se;, S5eri)
Insert or update (c;, s£§+1)) in Ft+D)
end for
t+—t+1
: end while
: // Phase 3: Input Context Reconstruction
: Ecore  Top-Kieeq chunks in £ ranked by Syer > Select high-priority seed chunks for expansion
: for each ¢; € Eqore dO
®(c;) < Suffix(c;—1, ) ® ¢; @ Prefix(cit1,) > Expand with boundary tokens of physical
neighbors
28: end for
29: Replace ¢; € Eore With ®(c;); merge overlaps; sort £ by position in D
30: Teontext — Concat, ¢ sorted (&) (c)
31: return 7Teontext

—_— =
O o0

NN NI NN NN
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