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Abstract

The strong capabilities of recent Large Lan-
guage Models (LLMs) have made them
highly effective for zero-shot re-ranking task.
Attention-based re-ranking methods, which de-
rive relevance scores directly from attention
weights, offer an efficient and interpretable al-
ternative to generation-based re-ranking meth-
ods. However, they still face two major limita-
tions. First, attention signals are highly con-
centrated a small subset of tokens within a
few documents, making others indistinguish-
able. Second, attention often overemphasizes
phrases lexically similar to the query, yield-
ing biased rankings that irrelevant documents
with mere lexical resemblance are regarded as
relevant. In this paper, we propose ReAttn,
a post-hoc re-weighting strategy for attention-
based re-ranking methods. It first compute the
cross-document IDF weighting to down-weight
attention on query-overlapping tokens that fre-
quently appear across the candidate documents,
reducing lexical bias and emphasizing distinc-
tive terms. It then employs entropy-based regu-
larization to mitigate over-concentrated atten-
tion, encouraging a more balanced distribution
across informative tokens. Both adjustments
operate directly on existing attention weights
without additional training or supervision. Ex-
tensive experiments demonstrate the effective-
ness of our method.

1 Introduction

Information retrieval (IR) serves as a cornerstone
of modern intelligent systems, powering applica-
tions in search, recommendation, and retrieval-
augmented generation (Lewis et al., 2020). A
typical IR pipeline adopts a two-stage paradigm
in which an initial retriever gathers a broad set
of candidate documents using sparse (Robertson
and Zaragoza, 2009) or dense retriever (Karpukhin
et al., 2020), and a subsequent re-ranker refines
these candidate documents to produce the final
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and The Medallion , EMP has produced ... The Sun Also Rises and Forever
Enthralled , two works by renowned Chinese auteurs Jiang Wen and Chen Kaige
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Figure 1: Illustration of two issues in attention-based
re-ranking. (a) Signal concentration: the total atten-
tion mass is heavily concentrated on a few tokens of a
few documents, leaving most candidates with negligible
attention scores. (b) Lexical bias: attention dispropor-
tionately highlights tokens that are lexically similar to
the query (e.g., producer, Jiang Wen), causing irrelevant
documents with lexical overlap to the query to receive
inflated relevance scores and misleading the ranking.

ranked list (Nogueira et al., 2019, 2020). The re-
ranking stage is particularly critical, as it governs
retrieval precision and shapes the contextual in-
formation accessible to downstream reasoning or
generation models (Gao et al., 2023).

Traditional re-ranking methods have predomi-
nantly relied on supervised learning with cross-
encoder architectures, which require substantial
labeled data and task-specific fine-tuning. The ad-
vent of large language models (LLMs) has pro-
foundly transformed this landscape. Owing to their
strong zero-shot reasoning capabilities and abil-
ity to comprehend long contexts, LL.Ms can effec-
tively perform zero-shot re-ranking task (Sachan
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et al., 2022; Sun et al., 2023a; Qin et al., 2024).
Early attempts to apply LLMs to re-ranking can
be viewed as generation-based approaches (Sun
et al., 2023b), as they directly prompt the model
to generate an ordered list of candidate documents
identifiers, effectively framing re-ranking as a text
generation task. Although these approaches exploit
the generative capabilities of LLMs to reason about
document relevance, they also introduce several
practical challenges: high computational overhead
from autoregressive decoding; strong sensitivity to
prompt design; and low instruction-following relia-
bility, which frequently results in inconsistencies
or omissions in the generated outputs. Recent re-
search has increasingly focused on non-generative
re-ranking approaches that derive relevance score
of documents directly from internal signals within
LLMs. Chen et al. (2025) has shown that the at-
tention signal in LLMs implicitly reflect relevance
between queries and documents: query tokens tend
to allocate greater attention weights to tokens in
relevant documents. Specifically, they first aggre-
gate attention weights that tokens in each document
receive from all query tokens across all layers and
heads of the LLM to obtain the token-level rele-
vance scores. These scores are then summed within
each document to produce a document-level rele-
vance score used for ranking. Zhang et al. (2025¢)
further identify specialized query-focused retrieval
heads that attend selectively to information most
relevant to the query. Compared with Chen et al.
(2025), which aggregates attention weights across
all heads, using only these specialized heads ob-
tains more reliable relevance score and leads to
better re-ranking performance.

Despite the promising performance of attention-
based re-ranking methods, two inherent issues con-
strain its effectiveness. The first is signal concentra-
tion (Figure 1(a)): a small number of tokens within
a few documents absorb most of the total attention
mass, while most documents receive minimal at-
tention contributions. This imbalance limits the
re-ranker’s ability to distinguish and rank the less
salient documents. The second is lexical bias (Fig-
ure 1(b)), where attention tends to overemphasize
tokens that are lexically similar to the query. As a
consequence, documents containing such overlap-
ping expressions, even when semantically irrele-
vant, can receive high attention scores. While atten-
tion mechanisms are capable of modeling seman-
tic relevance, this lexical preference can partially
constrain their effectiveness, leading to suboptimal

ranking of truly relevant documents.

To this end, we propose ReAttn, a post-hoc ad-
justment strategy for attention-based re-ranking
that re-weighting token- and document-level at-
tention score without additional training. We first
introduce a cross-document inverse document fre-
quency (IDF) weighting to mitigate lexical bias. In-
tuitively, if a query token appears across most docu-
ments, it provides little evidence for distinguishing
truly relevant documents and dilutes the discrim-
inative strength of the attention signal. Thus, we
measure the frequency of each query token appear
across the candidate set and compute correspond-
ing cross-document IDF weights. These weights
are then used to rescale token-level attention scores,
reducing the influence of ubiquitous tokens and em-
phasizing distinctive ones that better indicate rel-
evance. Next, we introduce an entropy-based reg-
ularization. For each document, we normalize its
token-level relevance scores into a probability dis-
tribution and compute its entropy as a measure of at-
tention dispersion. Documents with higher entropy
reflect broader coverage across informative tokens,
whereas lower entropy signals an overly narrow
focus. Then we apply a document-level weighting
based on this measure, decreasing the relevance
scores of low entropy documents and increasing
those of high entropy documents. This yields a
more balanced allocation of attention across docu-
ments and improves discrimination among moder-
ately relevant documents.

Our contributions are summarized as follows:

* We identify two core issues that limit the effec-
tiveness of attention-based re-ranking meth-
ods: signal concentration and lexical bias.

* We propose ReAttn, which introduces a cross-
document IDF weighting to reduce lexical
bias and an entropy-based regularization to
alleviate score concentration, jointly improv-
ing attention reliability and ranking stability.

» Extensive experiments on multiple datasets
of re-ranking and long context reasoning
task demonstrate that ReAttn consistently im-
proves ranking performance over attention-
based re-ranking baselines with minimal com-
putational overhead.

2 Related Work

Zero-Shot Re-Ranking with LLMs. Zero-shot
re-ranking with LLLMs broadly categorized into
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three primary paradigms: point-wise, pair-wise,
and list-wise approaches. In point-wise re-ranking,
each candidate document is evaluated indepen-
dently, typically using generation probabilities or
scalar relevance scores derived from the LLM’s
logits (Sachan et al., 2022; Liang et al., 2022). Al-
though computationally efficient, these methods
often fall short in performance because they fail to
capture interactions or relative preferences among
documents. Pair-wise methods (Qin et al., 2024) ad-
dress this limitation by comparing document pairs
to infer preference relations, which are then ag-
gregated to produce the final ranking. While this
pairwise comparison generally enhances discrimi-
native accuracy, it also introduces a quadratic com-
putational cost with respect to the number of candi-
date documents. In contrast, list-wise approaches
(Ma et al., 2023; Sun et al., 2023a; Chen et al.,
2025) process the entire candidate set simultane-
ously, enabling the model to capture holistic de-
pendencies and optimize ranking quality at the list
level. The main challenge of list-wise modeling
lies in its requirement for extended context han-
dling. However, recent advances in long-context
LLM architectures (Chen et al., 2023; Jin et al.,
2024a; Fu et al., 2024; Mo et al., 2025) have made
such modeling increasingly practical. As a result,
list-wise re-ranking has emerged as both a scalable
and highly effective strategy. Building on this trend,
our work focuses on attention-based list-wise re-
ranking (Chen et al., 2025), which combines the
efficiency of non-generative architectures with the
stability of attention-driven scoring, outperform-
ing generation-based re-ranking methods in both
computational and empirical robustness (Ma et al.,
2023; Sun et al., 2023a; Mo et al., 2023).
Attention Mechanisms. Attention mechanisms
form the foundation of transformer-based language
models, facilitating token-to-token information ex-
change and offering a potential lens for interpret-
ing model behavior. Since the seminal work of
Bahdanau et al. (2015), attention weights have of-
ten been employed as proxies for token-level im-
portance, providing insights into how models dis-
tribute focus during inference. Despite ongoing
debate regarding their faithfulness as explanations
of internal reasoning (Serrano and Smith, 2019;
Wiegreffe and Pinter, 2019; Zhang et al., 2024,
2025a,b; Mo et al., 2026), attention patterns have
demonstrated considerable utility in practice. For
example, Izacard and Grave (2021) exploit cross-
attention between queries and passages to enhance

retriever training, while Peysakhovich and Lerer
(2023) leverage attention-based document sorting
to improve text generation quality. Building on
this intuition, in-context re-ranking (ICR) (Chen
etal., 2025) interprets attention as an implicit signal
of document relevance, enabling LLMs to reorder
retrieved passages directly within their context win-
dows, without the need for additional supervision
or parameter updates.

Concurrently, research in mechanistic inter-
pretability has examined the functional specializa-
tion and redundancy of individual attention heads
in transformers. Early investigations demonstrated
that many attention heads contribute little to overall
performance, with only a small subset being func-
tionally critical (Michel et al., 2019; Voita et al.,
2019). Subsequent analyses have identified dis-
tinct behavioral roles, such as induction heads that
capture recurring patterns across sequences (Ols-
son et al., 2022; Yin and Steinhardt, 2025; Ren
et al., 2024), and others that help manage knowl-
edge conflicts (Shi et al., 2024; Jin et al., 2024b) or
mitigate contextual distractions (Zhu et al., 2025).
More recently, attention-based retrieval behavior
has emerged as a focal point of study: Wu et al.
(2025b) identify retrieval heads that copy relevant
answer tokens from long contexts, while Zhang
et al. (2025¢) introduce query-focused retrieval
heads (QR heads) that model fine-grained inter-
actions between queries and supporting evidence.

3 Preliminary: Attention-Based
Re-ranking with LLMs

Formally, let a query be denoted as () and its cor-
responding set of retrieved candidate documents
as D = {dj,ds,...,dN}. The objective of re-
ranking is to assign each document d; € D a rel-
evance score with respect to the query ) and a
final ranking sorted in descending order of rele-
vance score. In attention-based re-ranking, we first
construct the sequence X = [dy,ds, ..., dn, Q] by
concatenating all candidate documents followed by
the query, and provide it as input to a LLM with
L transformer layers and H attention heads. For
each document d;, the token-level relevance score
of its j-th token, denoted as sg4;, ; @, is obtained by
aggregating the attention weights that this token
receives from all query tokens across all layers and
attention heads:
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where Z denotes the set of query tokens, and a;; 2

represents the attention weight from the k-th token
(in the query) to the j-th token (in document d;)
by the h-th attention head at [-th layer. Summing
token-level scores within a document yields the
relevance score for document d;.

However, raw attention do not always provide
a faithful measure of relevance. Prior work has
shown that LLMs exhibit intrinsic biases in atten-
tion allocation (Gallegos et al., 2024),including dis-
proportionate weighting toward longer documents
and meaningless tokens (e.g., punctuation). These
intrinsic biases can undermine the reliability of
attention-based relevance computation, especially
when attention is directly used as a ranking signal.
Following Zhao et al. (2021), ICR (Chen et al.,
2025) use “N/A” as the calibration query (). and
calculate calibration scores {sq4, ; q.,,} Via atten-
tion aggregation for each document. The calibra-
tion scores capture strong attention weights biased
towards meaningless tokens in the documents, such
as punctuation, which should not affect the rele-
vance of the documents. Then we can subtract it
from ranking scores from the actual query {sy; . ¢}
to obtain the calibrated ranking score {sy;, ; }:
8d;.;,Qc- ()

Sdi; = 5di;,Q ~

After that, we filter out such tokens with abnor-
mally negative calibrated scores. Finally, we sum
the calibrated scores for all tokens in each docu-
ment to obtain the final ranking score sg,, which
measures the change of attention weights that each
document receives when the query changes from
the content-free calibration query to the actual

query:
Sq; = {dij}
S, = {dijldi; > S,

> s

365(}‘7,

_ 203%‘ } 3)

5q; =

where o denotes standard deviation.

4 ReAttn

We propose ReAttn, a post-hoc re-weighting strat-
egy for attention-based re-ranking that re-weights
both token-level and document-level attention
scores without any additional training. ReAttn aims
to address two key issues: (i) lexical bias, where
tokens overlapping with the query receive dispro-
portionate attention, and (ii) signal concentration,

where only top-ranked documents receive strong
signals, leaving lower-ranked documents poorly
differentiated. The method consists of two sequen-
tial steps: cross-document IDF reweighting at the
token level and entropy-based regularization at the
document level. We detail each component below.

4.1 Cross-Document IDF Weighting

The first step mitigates lexical bias by down-
weighting contributions from query tokens that fre-
quently appear across the candidate set. Intuitively,
if a query token occurs frequently across candi-
date documents, it provides limited discriminative
information and can weaken the attention-based
relevance estimation.

Formally, for each token ¢; ; in document d; that
also appears in the query Q (i.e., t;; € Zg), we
compute its document frequency over the candidate
document set D = {dy,...,dn}:

df(tij) = {de €D | tij € di}[. @

We then define a normalized inverse document fre-
quency (IDF) weight:

+
log df(t; ;) +1

log(N + 1) )

w(t;) =

where N is the total number of documents. To-
kens that appear in many documents receive
smaller w(t; ;), while distinctive tokens retain
larger weights. Then the token-level calibrated
attention scores Sd; ; ~ (from Section 3) are adjusted

as:
_ w(t; ;) - Sq, . ift;; €I,
Sd;; = ( ZJ) Gid " ) @ 6)
Sd; ; otherwise.
This re-weighting reduces the dominance of ubiqui-
tous query tokens while preserving the influence of
distinctive terms. The document-level base score
after IDF re-weighting is obtained by summing
token scores within the filtered token set S :

=Y 5, (7)
jes;,

B; serves as the IDF-adjusted relevance score for
document d;, emphasizing tokens that provide
stronger discriminative evidence of relevance.
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4.2 Entropy-Based Regularization

Although IDF weighting alleviates lexical bias, it
does not prevent signal concentration, where a few
tokens within a few documents dominate the rele-
vance estimation and most documents receive neg-
ligible scores. To improve the score dispersion
across documents, we introduce an entropy-based
regularization that quantifies how evenly attention
is distributed within each document. Specifically,
for each document d;, we normalize its token-level
scores into a probability distribution:

5.,
Bv]’ where Z pij =1 (8

2 o
]GSdi

Dij =

The normalized Shannon entropy of this distribu-
tion measures the internal dispersion of attention:

ZjeS;, pi.jlogpij
log |5}, |

E; =— 9)
where F; € [0, 1]. High-entropy documents have
attention spread across multiple informative tokens,
while low-entropy documents exhibit overly nar-
row attention focus. We compute the base-score-
weighted mean entropy across all documents:

B > i1 BBy
Zév:1 By

Each document is then assigned a dispersion weight
according to its deviation from the average entropy:

1D

Documents with broader attention coverage (F; >
Ep) receive a small positive adjustment, whereas
narrowly focused ones (E; < Ep) are slightly pe-
nalized. The adjusted document-level score is:

(12)

Finally, to maintain comparability across docu-
ments, we normalize the scores so that they sum to
one:

(10)

W; = l—l—(Ei—EB).

S;- =Bi~Wi.

final __ S;

S

k=1 5%

This entropy-based regularization ensures that

attention-based re-ranking captures both strong

token-level relevance and balanced document-

level coverage. Combined with IDF re-weighting,

ReAttn effectively mitigates lexical bias and en-

hances score discrimination, yielding more robust
and fine-grained re-ranking performance.

(13)

5 Experiments

5.1 Experimental Setup

Datasets. Following (Zhang et al., 2025c), We
evaluate our method on two tasks: re-ranking and
long-context reasoning. For re-ranking task, we
experiment on eleven public datasets in the BEIR
benchmark (Thakur et al., 2021) consisting of di-
verse domains, including NQ (Kwiatkowski et al.,
2019), COVID (Voorhees et al., 2021), NFCorpus
(Boteva et al., 2016), FiIQA (Maia et al., 2018),
SciFact (Wadden et al., 2020), SciDocs (Cohan
et al., 2020), FEVER (Thorne et al., 2018), Climate
(Diggelmann et al., 2020), DBPedia (Hasibi et al.,
2017), Robust04 (Jeronymo et al., 2022). For long-
context reasoning task, we use LongMemEval (Wu
et al., 2025a) and CLIPPER (Pham et al., 2025).

Baselines. We compare our approach with sev-
eral existing re-ranking methods that leverage
LLMs, including: (1) RankGPT (Sun et al.,
2023b): a generation-based re-ranking approach
that prompts LLMs to generate the ranking order
list of a candidate document set conditioned on
the query. We evaluate two variants of RankGPT:
RankGPT"°, which feeds all candidate docu-
ments into the model prompt simultaneously with-
out sliding window, and RankGPTBU"*Pe \hich
employs a bubble-sort strategy to iteratively rank
smaller subsets of documents. (2) ICR (Chen et al.,
2025): an attention-based re-ranking approach that
aggregates the attention signals across all heads
and layers in LLMs to compute document rele-
vance scores. (3) QRhead (Zhang et al., 2025¢):
an attention-based re-ranking approach. Instead of
aggregating attention weights from all heads and
layers, QRhead first identify specialized attention
heads that attend selectively to information most
relevant to the query on a labeled dataset. Only the
attention signals from these selected heads are used
to compute relevance scores.

We also include several representative tradi-
tional retrievers as baselines, including Contriever,
GTR-T5-base, BGE-Reranker-base, MSMARCO-
MiniLM and Stella.

Base LLMs. As attention-based re-ranking
method requires access to the attention weights
across all layers and heads of an LLM, we conduct
experiments using open-weight LLMs. Specifi-
cally, we select three widely used instruction-tuned
LLMs from two model families of different scales,
including Llama-3.2 (3B), Llama-3.1 (8B) from the
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NQ COVID NFCorpus FiQA Scifact Scidocs FEVER Climate DBPedia Robust04 News Avg
BM25 305 595 322 236 679 14.9 65.1 16.5 31.8 40.7 395 384
Base LLM: Llama-3.2-3B-Instruct
RankGPT“° 300 595 322 236 679 14.9 65.9 17.1 31.8 40.7 39.5 385
RankGPTBubble 332  61.8 32.0 224  66.1 14.8 65.8 17.1 34.8 40.5 40.2  39.0
ICR 49.2 72.3 33.8 31.8 73.3 17.4 82.6 24.2 34.7 47.2 447 46.5
ICR+ReAttn 498 725 344 325 741 17.5 83.0 24.5 36.8 47.7 454 473
QRhead 549 714 35.1 35.1 74.7 18.3 83.7 24.5 36 49.7 45.1 48.6
QRhead+ReAttn 55.6 77.6 36.6 362 753 19.5 84.3 25.6 38 49.8 46 493
Base LLM: Llama-3.1-8B-Instruct
RankGPT“° 300 59.5 322 236 679 14.9 65.9 16.8 31.8 40.7 395 384
RankGPTBubble 537 755 34.3 314 693 17.4 67.5 23.8 42.9 47.8 462 463
ICR 540 733 34.8 356 755 19.0 85.8 24.8 36.9 49.0 445 485
ICR+ReAttn 544 735 35 359 762 19.3 86.1 25.7 37.5 49.3 45.1 493
QRhead 586 715 35.3 39.1 76.2 19.4 85.3 239 372 51.4 46.2  50.0
QRhead+ReAttn 59.3 782 36.0 404 76.8 20.2 86.4 253 38.6 52.5 47 509
Base LLM: Qwen-2.5-7B-Instruct
RankGPT“° 300 59.5 322 236 679 14.9 65.9 16.8 31.8 40.7 395 384
RankGPTBubble 427 1705 34.1 295 693 16.6 70.5 19.7 37.1 46.4 43.6 43.6
ICR 43.1 66.1 32.7 27.0 71.1 16.4 79.2 19.6 35.3 43.0 40.0 43.0
ICR+ReAttn 440 670 33.9 28.1 72.2 17.8 80.0 20.9 36.6 43.6 412 44.0
QRhead 499 677 33.1 29.2 71 153 80.7 20.1 35.7 43.7 39.8 442
QRhead+ReAttn 50.7 68.6 34.2 303 719 16.6 81.5 21.3 374 44.8 41.0 453
Traditional retrievers
Contriever 446 675 32.8 284  67.1 18.9 64.2 28.0 39.5 45.7 41.7 435
GTR-T5-base 514 748 325 347 621 15.8 72.9 26.8 37.1 46.1 42,8 452
BGE-Reranker-base 552  66.4 31.0 31.7 708 15.7 88.6 36.5 42.5 39.9 37.0 46.8
MSMARCO-MiniLM 558  74.3 35.2 35.1 68.5 17.5 80.4 25.5 453 479 43.0 48.0

Table 1: Performance comparison across different base LLMs and re-ranking methods on BEIR benchmarks

evaluated by nDCG@ 10. Bold indicates the best results.

Llama family, and Qwen2.5 (7B) from the Qwen
family.

Setting. Our setting largely follows prior
works (Chen et al., 2025; Zhang et al., 2025c),
we re-rank the top 200 documents returned by
BM25(Robertson and Zaragoza, 2009) and report
nDCG@10. We sub-sampled 512 random ques-
tions for each domain for evaluation. We apply
a sliding window of size 20 and stride 10 for
RankGPT. For ICR and QRhead, we directly re-
rank all documents.

5.2 Experiment results

Re-ranking Task. Table 1 reports the results
on the BEIR benchmark. It demonstrate that
ReAttn consistently improves over the baseline
attention-based re-rankers, confirming the effective-
ness of refining intrinsic attention signals through
IDF and entropy regularization. Across all set-
tings, adding ReAttn to ICR or QRhead leads
to steady performance gains. Specifically, under
Llama-3.2-3B-Instruct, ICR+ReAttn improves the
average nDCG@10 from 46.5 to 47.3, and QR-

head+ReAttn further lifts it from 48.6 to 49.3.
A similar trend holds for Llama-3.1-8B-Instruct,
where ICR+ReAttn improves by +0.8 points
(48.5 — 49.3), and QRhead+ReAttn achieves the
best average score of 50.9. For Qwen-2.5-7B-
Instruct, improvements are smaller but consistent
(+1.0 for ICR and +1.1 for QRhead). These con-
sistent gains across distinct model families and
parameter scales indicate that ReAttn generalizes
well, even when underlying LLM architectures dif-
fer in tokenizer or attention mechanisms. Notably,
ReAttn brings slightly larger relative improvements
on smaller model (e.g. 3B). This is because smaller
LLMs often exhibit sharper attention distributions
and are therefore more susceptible to attention col-
lapse. The entropy-based regularization in ReAttn
helps redistribute attention weights, allowing mid-
ranked documents to receive more informative
gradients and improving ranking metrics such as
nDCG@10, which depend on accurate ordering
beyond the top few results.

The improvements are most prominent on
datasets with high lexical overlap or entity-centric
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LongMemEval Clipper

RETRIEVAL END-TO-END RETRIEVAL END-TO-END
RETRIEVER RECALL@K PERFORMANCE RECALL@K PERFORMANCE

k=5 k=10 Top-5 Top-10 k=3 k=5 Top-3  Top-5
Base LLM: Llama-3.2-3B-Instruct
Full context - - 28.1 - - 25.2
BM25 575 675 46.1 449 746  83.7 20.0 22.8
Contriever 62.7 79.2 48.6 46.5 60.2 78.9 12.6 18.4
Stella 639 776 449 47.7 83.3 90.0 21.3 25.1
RankGPTY° 1.8 34 23.5 23.3 16.8 273 3.6 8.8
RankGPTEUbe 21 338 24.0 24.4 170 274 3.8 8.8
ICR 68.7 788 46.5 45.1 72.8 83.6 19.4 23.6
ICR+ReAttn 68.8 79.2 46.6 45.5 729 83.8 19.4 23.8
QRhead 77.6 86.6 47.4 47.7 855 934 234 26.9
QRhead+ReAttn 779 873 47.6 48 85.7 93.5 234 27.2
Base LLM: Llama-3.1-8B-Instruct
Full context - - 46.5 - - 31.3
BM25 575 675 48.8 50.9 746 83.7 37.9 37.9
Contriever 627 79.2 52.6 55.4 60.2 78.9 28.2 31.1
Stella 639 77.6 50.9 58.4 83.3  90.0 38.8 39.6
RankGPT*?° 2.1 4.0 26.7 24.2 30.0 394 15.9 194
RankGPTEPbe 83 9.0 28.1 27.0 36.7 443 19.7 20.4
ICR 770 844 59.3 56.1 89.3 947 43.8 42.5
ICR+ReAttn 77.1  85.0 59.4 56.3 89.4 949 43.9 42.8
QRhead 855 91.7 59.8 60.2 93.8 96.9 47.6 41.9
QRhead+ReAttn 858 924 59.9 60.5 94 973 47.7 42

Table 2: Performance comparison across different base LLMs and re-ranking methods on LongMemEval and
Clipper. The base LLM denotes the LLM used for both the retriever and end-to-end generation.

structure, such as DBPedia, FiQA, and FEVER.
For example, on DBPedia, ICR+ReAttn improves
by +2.1 points under Llama-3B and +0.6 points un-
der Llama-8B, indicating that IDF weighting effec-
tively suppresses distractors sharing repeated entity
tokens with the query. On FiQA, QRhead+ReAttn
achieves +1.1 (Llama-3B) and +1.3 (Llama-8B),
suggesting that entropy regularization improves
ranking discrimination when relevant evidence is
distributed across multiple tokens.

Although ReAttn operates without fine-tuning,
its re-ranked results are competitive with su-
pervised cross-encoders.  For instance, QR-
head+ReAttn (Llama-8B) achieves 50.9 aver-
age nDCG @10, surpassing MSMARCO-MiniLM
(48.0) and GTR-T5-base (45.2). These results in-
dicate that careful post-hoc refinement of intrin-
sic attention patterns can yield retrieval perfor-
mance comparable to trained models, while re-
maining fully parameter-free. Overall, ReAttn con-
sistently enhances the discrimination of attention-
based re-rankers. The IDF weighting component
mitigates the dominance of ubiquitous lexical over-
laps, while entropy regularization improves rank-
ing calibration among mid-ranked documents. To-

gether, these mechanisms address the two main
weaknesses of ICR—attention concentration and
lexical bias—resulting in more balanced and se-
mantically aligned re-ranking behavior across di-
verse retrieval tasks.

Long-Context Reasoning Task Table 2 reports
results on the LongMemEval and Clipper bench-
marks, which evaluate retrieval and reasoning over
extended contexts. The results consistently demon-
strate positive gains across both retrieval and end-
to-end settings. Under Llama-3.2-3B and Llama-
3.1-8B, ReAttn improves recall@k and slightly
raises downstream reasoning accuracy for both ICR
and QRhead. The trend is stable across datasets and
model sizes, indicating that ReAttn’s refinements to
the attention signal generalize well to longer input
sequences, where attention saturation and token re-
dundancy become more severe. In long-context sce-
narios, re-rankers must identify sparse but seman-
tically crucial evidence distributed across a large
number of retrieved documents. This setting mag-
nifies the limitations of unadjusted attention scores,
which often overemphasize lexical overlaps near
query tokens and underweight relevant evidence
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NQ COVID NFCorpus FiQA Scifact Scidocs FEVER Climate DBPedia Robust04 News Avg

Base LLM: Llama-3.2-3B-Instruct
ICR 492 723 33.8 31.8 73.3 17.4 82.6 24.2 34.7 47.2 447 46.5
ICR+IDF only 496 723 342 32.3 73.8 17.3 82.7 24.2 36.0 47.3 449 46.8
ICR+Entropy only 494 724 33.9 32.0 73.6 17.4 82.9 24.4 35.5 47.6 453 46.8
ICR+ReAttn 49.8 725 34.4 32.5 74.1 17.5 83.0 24.5 36.8 47.7 454 473
QRhead 549 774 35.1 35.1 74.7 18.3 83.7 24.5 36.0 49.7 45.1 48.6
QRhead+IDF only 553 715 36.0 35.7 75.0 18.9 84.0 25.2 37.0 49.7 455 49.1
QRhead+Entropy only 552 77.5 35.6 355 75.1 19.0 84.1 25.0 36.8 49.8 457 49.0
QRhead+ReAttn 55.6 77.6 36.6 36.2 75.3 19.5 84.3 25.6 38.0 49.8 46.0 49.3

Base LLM: Qwen-2.5-7B-Instruct
ICR 43.1  66.1 32.7 27.0 71.1 16.4 79.2 19.6 35.3 43.0 40.0 43.0
ICR+IDF only 438 664 33.5 27.4 71.7 17.2 79.5 20.1 36.2 43.1 40.4 43.6
ICR+Entropy only 435  66.7 33.1 27.7 71.5 16.9 79.7 20.4 35.8 43.4 40.7 43.6
ICR+ReAttn 440 670 33.9 28.1 72.2 17.8 80.0 20.9 36.6 43.6 412 440
QRhead 499  67.7 33.1 29.2 71.0 15.3 80.7 20.1 35.7 43.7 39.8 442
QRhead+IDF only 504 679 339 29.7 71.5 16.2 81.0 20.8 36.7 44.1 404 448
QRhead+Entropy only 50.2  68.3 33.5 29.9 71.3 15.8 81.3 20.9 36.3 44.4 40.6 44.8
QRhead+ReAttn 50.7 68.6 34.2 30.3 71.9 16.6 81.5 21.3 374 44.8 41.0 453

Table 3: Performance comparison across different base LLMs and re-ranking methods on BEIR benchmarks

evaluated by nDCG@ 10. Bold indicates the best results.

occurring later in the sequence. The IDF-based
re-weighting in ReAttn reduces this redundancy by
down-weighting query tokens that repeatedly ap-
pear across candidate documents, preventing these
common tokens from dominating the attention bud-
get. Meanwhile, the entropy regularization ensures
that attention is more evenly distributed across in-
formative spans, rather than collapsing onto a few
locally similar segments. Together, these refine-
ments improve document-level coverage and fa-
cilitate the retrieval of complementary evidence
required for multi-hop reasoning.

5.3 Ablation Study

We further conduct ablations experiments to dis-
entangle the respective contributions of the cross-
document IDF re-weighting and the intra-document
entropy regularization in ReAttn. Table 3 demon-
strates a systematic dependence on dataset char-
acteristics. On lexically dominated benchmarks
(e.g., NQ, NFCorpus, FiQA, DBPedia), the +IDF
only variant recovers the majority of ReAttn’s im-
provements. This is consistent with the fact that
relevance in these collections is strongly associated
with explicit keyword matching, where rerankers
can be disproportionately influenced by surface-
level overlap. By reweighting token contributions
according to their distinctiveness across the re-
trieved set, IDF alone effectively suppresses spuri-
ous lexical matches and yields substantial ranking
gains. In contrast, for corpora featuring longer
documents and higher topical heterogeneity (e.g.,

Robust04, News, Climate), the +Entropy only vari-
ant provides comparatively larger benefits. In
such settings, the primary failure mode extends
beyond lexical bias: attention distributions within
long passages often become excessively concen-
trated on a small number of tokens, which under-
mines evidence aggregation and degrades robust-
ness. The entropy term counteracts this degener-
acy by discouraging overly peaked attention and
promoting broader allocation over informative re-
gions, thereby improving coverage of salient con-
tent within each document. On Scidocs, apply-
ing IDF in isolation can slightly reduce effective-
ness, suggesting that distinctiveness-based down-
weighting may inadvertently penalize frequent yet
domain-informative scientific terminology. Impor-
tantly, the full ReAttn (IDF + entropy) restores and
surpasses performance, indicating that the two fac-
tors target non-overlapping failure modes and are
synergistic rather than substitutable.

To further substantiate these findings, we per-
form a qualitative analysis on FEVER using ICR
as the base re-ranker and visualize token-level at-
tention maps (Table 4, 5, 6). Removing the IDF
component leads to a pronounced shift in scoring
behavior: for distractor documents that share sur-
face tokens with the query, ReAttn w/o IDF assigns
inflated attention mass to such overlapping terms,
which increases document scores despite weak se-
mantic support. By contrast, the full ReAttn at-
tenuates these generic matches via cross-document
IDF re-weighting, resulting in attention patterns
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that concentrate on contextually diagnostic phrases
and evidence-bearing spans rather than repeated or
high-frequency query tokens. Collectively, these
results establish that IDF re-weighting is critical
for decoupling lexical overlap from semantic rel-
evance in token-level reranking. By modulating
token contributions based on distinctiveness across
candidates, ReAttn preserves sharper discrimina-
tion between relevant and irrelevant documents,
particularly under hard-negative scenarios domi-
nated by verbatim overlap. When combined with
entropy regularization that mitigates attention col-
lapse in long passages, the full ReAttn achieves
consistently stronger and more stable ranking be-
havior than either component in isolation.

6 Conclusion

We presented ReAttn, a post-hoc re-weighting strat-
egy for attention-based re-ranking with large lan-
guage models. ReAttn mitigates signal concen-
tration and lexical bias through cross-document
IDF weighting and entropy-based regularization,
leading to more reliable and balanced attention-
based relevance estimation. Extensive experiments
across different datasets and base LLMs confirm
that ReAttn consistently improves performance of
existing attention-based re-ranking methods.

7 Limitations

Our work has several limitations that suggest
promising directions for future research. First,
the evaluation of ReAttn is restricted to general-
purpose large language models. Although such
models provide a representative basis for zero-
shot retrieval, a growing number of LLMs have
been fine-tuned specifically for information re-
trieval. These models often exhibit distinct at-
tention dynamics due to task-oriented optimiza-
tion and domain-adaptive pretraining. Understand-
ing how ReAttn interacts with such IR-specialized
models would provide deeper insight into the gen-
erality of its attention refinement mechanism.
Second, ReAttn focuses on post-hoc reweight-
ing of attention scores without explicitly examin-
ing the contribution of individual attention heads
to relevance estimation. Prior work such as QR-
head has initiated exploration in this direction, yet
its approach to identifying retrieval-relevant heads
remains heuristic and coarse-grained. A more sys-
tematic analysis of head-level relevance attribu-
tion could enhance both the interpretability and the

theoretical grounding of attention-based reranking
frameworks.

Third, the current experiments are limited to
English-language datasets. Since language models
may exhibit divergent attention behaviors across
linguistic typologies, assessing the cross-lingual
robustness of ReAttn is a critical next step. Extend-
ing the analysis to multilingual retrieval scenarios
would not only test the stability of the proposed
adjustments but also inform the design of more
universal attention regularization strategies.
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A Prompt Templates

We provide prompt templates used in our experi-
ments for ICR,QRhead and our method in Figure 2
and rankGPT in Figure 3.

-

{prompt_prefix} Here are some paragraphs:

[1]1 {Title 1 (if available)}
{Paragraph text 1}

[2] {Title 2 (if available)}
{Paragraph text 2}

Please find information that is relevant
to the following query in the paragraphs
above.

Query: {query}{prompt_suffix}

Figure 2: Prompt used for ICR, QRhead and our
method.

{prefix} This is an intelligent assistant
that can rank passages based on their
relevancy to the query.

The following are {N} passages, each
indicated by a numbered identifier [i]. I
can rank them based on their relevance to
the query: "{query}”

[1]1 {Title 1 (if available)}
{Paragraph text 1}

[2] {Title 2 (if available)}
{Paragraph text 2}

The search query is: "{query}". I will
rank the {N} passages above based on their
relevance to the search query. The passages
will be listed in descending order using
identifiers, the most relevant passages
should be listed first and the output format
should be []1 > [] > etc, e.g., [1]1 > [2] >
etc. Be sure to list all {N} ranked passages
and do not explain your ranking until after
the list is done. {suffix} Ranked Passages:

L

Figure 3: Prompt used for rankGPT.
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Table 4: Attention scores for all tokens in a FEVER example with the query “Night of the Living Dead was originally
directed by Krzysztof Kieslowski.”

Method Passage Rank

REATTN W/0 IDF The Scar ( Blizna ) is a 1976 Polish film written and directed by Krzysztof Ki€sI6Wski and 3
starring Franciszek Pieczka . Filmed on location in Olechéw , Poland , the film is about a
man put in charge of the construction ...

REATTN The Scar ( Blizna ) is a 1976 Polish film written and directed by Krzysztof Kieslowski and 6
starring Franciszek Pieczka . Filmed on location in Olechéw , Poland , the film is about a
man put in charge of the construction ...

Table 5: Attention scores for all tokens in a FEVER example with the query “Jiang Wen is exclusively a producer.”

Method Passage Rank

REATTN w/0 IDF Emperor Motion Pictures ( known as EMP ) is a film Po@uices and distributor , part of the 2
Emperor Group . Following the 2003 box-office hits The Twins Effect and The Medallion ,
EMP has produced ... The Sun Also Rises and Forever Enthralled , two works by renowned
Chinese auteurs Jiafig Weii and Chen Kaige ...

REATTN Emperor Motion Pictures ( known as EMP ) is a film producer and distributor , part of the 10
Emperor Group . Following the 2003 box-office hits The Twins Effect and The Medallion ,
EMP has produced ... The Sun Also Rises and Forever Enthralled , two works by renowned
Chinese auteurs Jiang Wen and Chen Kaige. ...

Table 6: Attention scores for all tokens in a DBPedia-Entity example with the query “Give me all launch pads
operated by NASA.”

Method Passage Rank

REATTN W/0 IDF Cape Can av eral Air Force Station Launch Complex 19 C Launch Complex 19 (LC - 12
19 ) is a deactivated launch site on Cape Can av eral Air Force Station , Florida used by
NASA to launch all of the Gemini manned space fl ights . It was also used by unmanned
Titan I and Titan II missiles .L C - 19 was in use from 1959 to 196 6, during which
time it saw 27 launches, 10 of which were manned . The first use of LC - 19 was on
August 14, 1959 . This was a Titan I and the mission was declared a failure after the
rocket exploded while still on the pad .

REATTN Cape Can av eral Air Force Station Launch Complex 19 C Launch Complex 19 (LC- 18
19 ) is a deactivated launch site on Cape Can av eral Air Force Station , Florida used by
NASA to launch all of the Gemini manned space fl ights . It was also used by unmanned
Titan I and Titan II missiles .L C - 19 was in use from 1959 to 196 6, during which
time it saw 27 launches, 10 of which were manned . The first use of LC - 19 was on
August 14, 1959 . This was a Titan I and the mission was declared a failure after the
rocket exploded while still on the pad .
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