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ABSTRACT

The strong zero-shot and long-context capabilities of recent Large Language Mod-
els (LLMs) have paved the way for highly effective re-ranking systems. Attention-
based re-rankers leverage attention weights from transformer heads to produce
relevance scores, but not all heads are created equally: many contribute noise and
redundancy, thus limiting performance. To address this, we introduce CoRe heads,
a small set of retrieval heads identified via a contrastive scoring metric that explic-
itly rewards high attention heads that correlate with relevant documents, while
downplaying nodes with higher attention that correlate with irrelevant documents.
This relative ranking criterion isolates the most discriminative heads for re-ranking
and yields a state-of-the-art list-wise re-ranker. Extensive experiments with three
LLMs show that aggregated signals from CoRe heads, constituting less than 1%
of all heads, substantially improve re-ranking accuracy over strong baselines. We
further find that CoRe heads are concentrated in middle layers, and pruning the
computation of final 50% of model layers preserves accuracy while significantly
reducing inference time and memory usage.

1 INTRODUCTION

Information retrieval systems form the backbone of search engines and retrieval-augmented gener-
ation (RAG). The order of retrieved passages not only determines search relevance but also shapes
the context provided to downstream generation models (Lewis et al.| 2020; |Gao et al.,[2023)). Mod-
ern retrieval systems typically adopt a two-stage pipeline: a lightweight retriever, such as BM25
(Robertson et al., [2009) or dense retrievers (Karpukhin et al., 2020), first selects a candidate set of
documents, which is then refined by a re-ranker using more powerful models. Recent advances in
Large Language Models (LLMs) have transformed re-ranking, delivering strong zero-shot perfor-
mance (Sachan et al.,[2022; [Sun et al., 2023} |Qin et al., 2024} |Chen et al., [2025)).

Recent work has extended this trend by investigating list-wise re-rankers, which consider the entire
candidate set simultaneously and jointly produce an ordering. By exploiting cross-document atten-
tion, such models capture relative preferences across candidates, leading to rankings that align more
closely with global evaluation metrics. For example, |Sun et al.[(2023)) introduce RankGPT, which
casts re-ranking as a text generation problem: the LLM is prompted to output an ordered list of
document identifiers. However, this generative formulation introduces several drawbacks. Autore-
gressive decoding adds linear computational overhead; outputs often contain incomplete or duplicate
rankings; performance is unstable due to prompt sensitivity; and the approach underuses the rele-
vance signals already present in attention patterns. To address these challenges, |Chen et al.| (2025)
propose an attention-based re-ranker that directly aggregates attention scores across all heads to esti-
mate document relevance. This approach eliminates the need for text generation, reduces runtime to
a single forward pass, and achieves superior accuracy compared to RankGPT. However, aggregating
uniformly across all attention heads may still be suboptimal, since many heads are either redundant
or capture non-informative patterns (Michel et al., 2019} Voita et al., 2019).

To better characterize the functional role of attention heads, Wu et al.| (2025)) identify a subset of
retrieval heads in transformers that specialize in extracting relevant information from long con-
texts. Their approach tracks copy—paste operations in Needle-in-a-Haystack tasks, which constrains
its applicability to narrow question-answering scenarios. Building on this line of research, [Zhang
et al.[ (2025) propose OR heads (query-focused retrieval heads), selected according to the absolute
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attention allocated to the correct answer. While aggregated QR-head scores improve performance
on downstream retrieval tasks, the selection criterion overlooks relative ranking. For instance, a
head may assign high attention to the gold document yet allocate even greater weight to irrelevant
documents, undermining its discriminative capacity. Since the QR-head method does not penalize
such cases, it may fail to identify the heads that are most effective at distinguishing relevant from
irrelevant information.

To this end, we introduce CoRe heads (Contrastive Retrieval heads), a subset of attention heads
specialized for document re-ranking. Leveraging CoRe heads yields a state-of-the-art list-wise re-
ranker that improves accuracy while simultaneously reducing computational and memory overhead,
making the approach practical for real-world retrieval systems. Our contributions are threefold:

* We propose a contrastive scoring metric that identifies CoRe heads by rewarding atten-
tion directed towards relevant documents while penalizing attention to irrelevant ones. In
contrast to prior retrieval-head methods that consider only absolute attention to a single
document, our approach explicitly models relative ranking, resulting in stronger re-ranking
accuracy.

* We demonstrate that CoRe heads identified using a small subset of the Natural Ques-
tions (NQ) dataset generalize across the BEIR benchmark (Thakur et al.| 2021)) and even
across multi-hop tasks, cross-lingual datasets and long context settings. Attention-based
re-rankers using CoRe heads consistently outperform strong baselines, achieving state-of-
the-art list-wise re-ranker performance.

* We are the first to investigate layer pruning in attention-based re-rankers. We observe
that top-scoring CoRe heads are primarily concentrated in the middle transformers layers.
Exploiting this insight, we show that pruning most final layers incurs negligible loss in
re-ranking accuracy, while reducing memory usage by 40% and inference latency by 20%.
This highlights the efficiency of CoRe heads for real-world retrieval systems.

2 RELATED WORK

Zero-Shot Re-Ranking. Zero-shot re-ranking methods with LLMs can be grouped into three
main approaches: point-wise, pair-wise, and list-wise. Point-wise methods (Sachan et al.l 2022;
Liang et al.,2022) score each document independently, typically through logits or direct generation.
These approaches are computationally efficient but often underperform due to the absence of cross-
document comparison. Pair-wise methods (Qin et al.| 2024) compare two documents at a time and
aggregate over all pairs to form a ranking. While improving accuracy, the computational cost grows
quadratically with the number of documents. List-wise methods (Ma et al., [2023; [Sun et al.| 2023;
Chen et al.,[2025)) consider all documents jointly to produce a single ranked list. Although list-wise
methods require long-context modeling, advances in LLMs with extended context windows (Chen
et al.| [2023; Jin et al.| 2024a} |[Fu et al.| [2024) have made this increasingly practical. Consequently,
list-wise approaches now achieve both scalability and strong effectiveness. Our work follows this
trajectory, focusing on attention-based list-wise re-ranking (Chen et al.| [2025), which offers more
efficiency and stability compared to generation-based methods (Ma et al.l 2023} [Sun et al., [2023)).

Role of Attention Heads. A growing body of work in mechanistic interpretability examines how the
activation of attention heads shapes model behavior. Michel et al.|(2019) and|Voita et al.|(2019) show
that only a small fraction of heads are necessary for translation tasks. |Olsson et al.| (2022) identify
induction heads that capture repeated input patterns, and later extended the work to heads supporting
in-context learning (Yin & Steinhardt, 2025} [Ren et al. 2024). Other studies reveal specialized
heads responsible for knowledge conflict (Shi et al.,|2024; Jin et al., [2024b)) and context distraction
(Zhu et al., 2025). More recently, Wu et al.| (2025) identify retrieval heads, which copy answer
tokens from long contexts into the output, while Zhang et al.|(2025)) propose query-focused retrieval
heads (QR heads) that capture query—context interactions beyond direct copying. Collectively, these
studies suggest that different subsets of heads specialize in distinct computational roles, and isolating
the ones relevant to retrieval remains an open challenge. In this work, we build on the notion of
retrieval heads (Wu et al.l [2025} |[Zhang et al, 2025) as the mechanisms responsible for retrieving
relevant information from long-context inputs — directly aligning with the re-ranking objective.



Under review as a conference paper at ICLR 2026

3 BACKGROUND

Attention-Based Re-Ranker. Given a query ¢ and k candidate documents D = {d;,ds,...,d}
returned by a base retriever, the goal of the re-ranker is to reorder D so that the documents are sorted
in the order of relevance to ¢ . To achieve this, |Chen et al.| (2025) propose In Context Re-ranking
(ICR), an attention-based approach that leverages the attention signal from all attention heads of a
LLM to compute fine-grained relevance scores. Utilizing the long-context capability of LLMs, ICR
constructs an input prompt consisting of the list of k£ documents followed by the query g:

‘‘<instruction> <di> <d2> ... <dp> <instruction> <¢>''

Let a it be the attention score from the ¢-th token in query ¢ to the j-th token in document d; by an
attention head h. For each token j in document d;, ICR computes the token-level relevance score
with respect to the query ¢ within a head h as:

Sdisi0 = mZ%t (1)

teTy
where 7, denotes the set of the query tokens.

To reduce bias relative to document length and low-information tokens (e.g., punctuation), ICR
applies contextual calibration on the token-level score with a content-free query g.; (e.g. ‘N/A’)
following Zhao et al.|(2021). Specifically, the calibrated token-level score SZ of the j-th token in
document d; within head h is calculated as:

sh =" — s 2)

d;,j di,j3q di,j3iqcf?

and the document-level relevance score of document d; within head h is computed as:

=3 b 3)

t€Ta,

where 74, denotes the set of the document d;’s tokens. We note that the document-level scores
do not involve the instruction attention scores and therefore they are not normalized post-softmax.
Aggregating over all heads in the head set H, the final document-level scores is:

Sd; = Z SZ @)

heH

Re-Ranker with QR Heads. As noted above, ICR computes relevance scores by aggregating
attention signals across all attention heads. While comprehensive, such full-head aggregation often
introduces redundancy and noise, ultimately degrading re-ranking performance. Recent work on
QR heads (Zhang et al.| [2025) shows that leveraging only a targeted subset of heads can improve
retrieval effectiveness, suggesting that many attention heads are unnecessary for this task. Using
the same notion of document-level score computed in Equation [3| a head h is considered a QR
head if its attention to the gold document s ,1q 18 the highest among all heads. However, the QR
scoring criterion considers only the absolute attention to the gold document, without accounting for
its relative ranking within each head’s distribution. Because this criterion ignores how strongly a
head contrasts the gold document against competing negatives, it fails to capture whether the head
meaningfully separates signal from noise. This omission can lead to the selection of misleading
heads. As a consequence, QR-based re-ranking exhibits inconsistent performance across datasets.
For example, as shown in Figure [I] selecting the top 8 QR heads reduces accuracy on Quora for
Mistral 7B and Llama 8B respectively, underperforming the ICR baseline that aggregates signals
from all heads.

4 CONTRASTIVE RETRIEVAL HEADS

Addressing the limitations of prior approaches, we propose a contrastive head detection framework
that identifies a small subset of Contrastive Retrieval heads (CoRe heads) specialized for document
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Figure 2: nDCG@10 on DBPedia top-40 with

Figure 1: nDCG @10 on Quora top-40. CoRe-R for Mistral 7B.

re-ranking. For clarity, we denote the default attention-based re-ranker as ICR, the QR-head re-
ranker as QR-R, and the CoRe-head re-ranker as CoRe-R. Central to our method is a new scoring
metric, Score, Which measures a head’s ability to highlight the gold document while simultaneously
suppressing attention to irrelevant ones. By selecting high-quality heads using this contrastive met-
ric, CoRe-R achieves more consistent and robust improvements in re-ranking, outperforming ICR
and QR-R on Quora (Figure[T)) and across the BEIR benchmark, as demonstrated in Section[5.2]

Contrastive Scoring Metric. Our retrieval scoring metric follows the InfoNCE loss function
(Oord et al| 2018), but requires no additional training. Let s}, be the token-level score of to-

ken 7 in document d; within head h as defined in Equation[T] We compute the document-level score
of document d; within head h as:
- Z S}dLMJ q° )

teTa,

We note that we do not apply contextual calibration for the retrieval head scoring metric as all
heads are evaluated on the same set of documents. In addition, preserving the intrinsic bias helps
distinguish retrieval heads from low quality attention heads. The retrieval score of head h is:
exp(sp,s/t)
exp(sp,s/t) + 32, exp(syeq.i/t)

where ¢ is a contrastive temperature hyperparameter.

SCORE (h) -

; (6)

The proposed contrastive scoring metric quantifies the degree to which an attention head prioritizes
the gold document for a given query relative to competing irrelevant documents. A higher value
of Score indicates that the corresponding attention head more effectively discriminates the positive
document from hard negative documents.

To identify CoRe heads, we compute the Sc,ge of each attention head averaged over a set of data
samples, and select the top-scoring few attention heads within each model as CoRe heads. By ag-
gregating attention signals from these CoRe heads, the re-ranker achieves improved performance
compared to aggregating over all heads. Figure [2| shows the affect of aggregating over different
number of retrieval heads on the re-ranking results on the DBPedia dataset. We observe that us-
ing fewer — but higher quality — attention heads yields superior accuracy, reaching peak re-ranking
accuracy with only 9 CoRe heads. Across models and datasets, we generally find that the optimal
re-ranking performance is achieved with fewer than 10 CoRe heads (see Appendix [C.8]for details).

Hard Negative Data. We compute the retrieval score Sc, e for all attention heads using a subset
of 1000 samples from the Natural Questions (NQ) training set (Kwiatkowski et al.| |2019). Each
sample contains a query, a positive answer passage (gold document), and 49 hard negatives mined
with the ibm-granite/granite-embedding-30m-english model (Awasthy et al.,2025)). Hard negatives
are constructed by sampling from the top 100 candidates returned by the retriever system. To fur-
ther reduce false negatives, we follow [de Souza P. Moreira et al (2025) and discard any passage
whose similarity to the query exceeds that of the gold passage. This procedure ensures that Sco e
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is computed under challenging retrieval conditions, ensuring that the detected heads are more dis-
criminative and robust for re-ranking tasks.

Head Detection Process. For each sample, we construct a LLM prompt consisting of the 50 doc-
uments, followed by the instruction and query (see Appendix [A]for details). The positive document
is inserted among the first five different positions, totaling to 5000 samples per language model.
We compute the S¢,re Of each attention head on each sample, and compute the final retrieval head
score by averaging across all samples. Less than top 1% of all heads with the highest averaged
score are selected as CoRe heads (8 heads in our experiment). This setup yields stable average re-
trieval scores, with the top CoRe heads consistently converging to the same subset for each model.
Moreover, CoRe heads identified using a single dataset NQ generalize effectively across multiple
datasets, enhancing re-ranking performance as shown later in Section[5.2] We also note that the de-
tection process is light-weight and relatively fast, requiring less than one hour on an H100 (96GB)
GPU for the models considered in this work.

Re-Ranker with CoRe Heads. Once CoRe heads are identified for a given language model, re-
ranking is performed by aggregating attention signals exclusively from this subset. Specifically, the
new relevance score sy in Equation E]becomes:

sa, = Y sk, (7)

heH*

where H* denotes the set of detected CoRe heads.

5 EXPERIMENTS

In this section, we evaluate the effectiveness of CoRe heads across a diverse set of datasets and
four different open-weight decoder models. We also analyze the effect of layer pruning, showing
the proposed method achieves strong re-ranking performance without requiring the computation
of all layers, significantly reducing computational overhead. Our code is available at https://
anonymous . 4open.science/r/CoRe—Reranking—CCBE.

5.1 SETUP

Baselines. We compare CoRe-R with the following zero-shot attention-based re-rankers: ICR
(Chen et al.| [2025) and QR-R (Zhang et al) |2025). For QR head detection, we adopt the same
detection data as described in Section 4] and exclude the contextual calibration step for a fair com-
parison with our head detection algorithm.

Datasets. We evaluate our approach on the BEIR benchmark (Thakur et al., 2021) which con-
sists of fifteen diverse datasets: TREC-COVID, NFCorpus, DBPedia-entity, SciFact, SciDocs,
FiQA, NQ, FEVER, Climate-FEVER, HotpotQA, Touche, MSMARCO, Quora, ArguAna and the
CQADupStack series. Among them, NQ, HotpotQA, FEVER, Climate-FEVER, and DBPedia-
entity are in-domain datasets, and other datasets are out-of-domain. In addition, we evaluate on
the Multilingual Long-Document Retrieval (MLDR) dataset (Chen et al., 2024)) for cross-language
generalization and MuSiQue (Trivedi et al.,|2022) for multi-hop generalization.

Re-ranking configuration. For each dataset in the BEIR benchmark, we re-rank the top-k doc-
uments with k& = 40, 60, 80, 100 retrieved using the ibm-granite/granite-embedding-30m-english
model (Awasthy et al.|[2025). For the multilingual dataset MLDR, we re-rank the top-40 documents
retrieved using the ibm-granite/granite-embedding-107m-multilingual model (Awasthy et al.,[2025).
Following [Chen et al.| (2025)), we re-rank MuSiQue top-20 retrieved from ColBERT v2. Both QR-
R and CoRe-R use the top 8 retrieval heads, and report performance using the nDCG@ 10 scores.
To ensure consistency, we adopt a uniform prompt structure for all datasets; details of the prompt
design are provided in Appendix [A]

Language models. Since attention-based re-ranking requires access to all attention scores of all
layers and heads, we focus on open-source LLMs. Specifically, we evaluate Mistral 7B (Jiang et al.,
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Table 1: nDCG@10 on the BEIR benchmark top-40.

Dataset Retriever [ Mistral 7B [ Llama-3.1 8B [ Phi-4 [ Granite-3.2 8B
Baseline | ICR  QR-R CoRe-R [ I[CR QR-R  CoRe-R [ICR QR-R_ CoRe-R [ ICR QR-R CoRe-R|

TREC-COVID 63.1 72.1  73.1 73.8 768 757 75.7 752 768 76.0 704 703 71.8
NFCorpus 33.7 331 350 35.2 350 364 36.7 31.6 355 35.6 31.8 325 33.9
DBPedia 36.0 36.0 36.8 375 38.7  39.0 394 369 394 39.6 356 359 36.8
SciFact 713 713 719 74.7 747 759 75.1 717 742 74.7 746 747 75.2
SciDocs 22.5 16.6 17.3 19.5 18.5 197 20.2 17.8  21.0 21.1 184 203 20.0
FiQA 36.9 358 403 414 413 440 44.1 372 438 4.1 39.7 416 424
NQ 51.6 554  56.5 58.1 60.8 63.0 63.2 574 633 63.6 574 579 60.7
FEVER 85.5 875 87.1 88.7 89.2 874 88.4 89.1 89.6 89.6 88.0 875 86.2
Climate-FEVER 30.3 21.6 211 233 225 229 22.7 222 245 24.3 205 212 21.0
HotpotQA 62.9 717 71.6 73.4 737  73.6 73.8 733 742 74.5 73.6 728 72.6
Touche 24.0 233 264 26.7 26.1  26.3 26.4 21.8 254 25.7 20.5 246 24.8
MSMARCO 30.7 30.1 321 31.7 329 339 34.9 30.6 34.6 34.8 29.6 312 32.5
Quora 86.7 81.1 715 85.2 787 74.6 82.3 742 765 80.2 831 7938 75.1
ArguAna 56.4 450 51.1 52.7 425 542 55.0 417 522 52.7 523 56.1 57.3
CQADupstack 443 38.7 408 41.6 417 432 439 394 440 443 414 423 434
Average 49.1 479 489 50.9 502 51.3 52.1 48.0 51.7 52.1 49.1  50.0 50.3

2023), LLama-3.1 8B (Dubey et al., [2024)) and Phi-4 (Abdin et al., [2024). We additionally conduct
re-ranking experiment with Granite-3.2 8B (IBM Research, |2025) which belongs to the same LLM
family as the chosen retriever embedding model. Main re-ranking results for Granite-3.2 8B are
shown in Table[T]and Table 2] with further results and analyses provided in Appendix [C.T}

Hyperparameters. The temperature hyperparameter ¢ is tuned through grid search on a separate
subset of the NQ train dataset. We select £ = 0.001 for Mistral 7B and Granite-3.2 8B, and ¢t = 0.1
for Llama-3.1 8B and Phi-4. These values are fixed for CoRe-R head detection prior to running the
actual re-ranking experiments. Note that the effect of temperature on CoRe head identification and
subsequent re-ranking performance is examined in Section[5.5}

5.2 RESULTS

Re-ranking performance on BEIR. Table [I| reports re-ranking results on the BEIR benchmark.
Across all four models, CoRe-R achieves the strongest performance, consistently outperforming
both ICR and QR-R. Aggregating attention from all heads in ICR yields the weakest results, often
even below the retriever baseline for Mistral 7B and Phi-4, while CoRe-R provides clear and uni-
form improvements over both the retriever and ICR baselines. Relative to QR-R, CoRe-R shows the
largest gains on Mistral 7B, improving average nDCG@ 10 by +2.0 over QR-R and +3.0 over ICR,
and on Llama-3.1 8B by +0.8 and +1.9 points respectively. Although QR-R remains competitive
on the stronger Phi-4 model, its performance varies across datasets, whereas CoRe-R delivers con-
sistently robust gains. In addition, we show that the gain of CoRe-R for all four LLM:s is statistically
significant using randomized stratified hypothesis testing (see Appendix [C.3). Overall, these results
demonstrate that CoRe-R reliably isolates informative attention heads across models and datasets,
establishing it as a strong state-of-the-art list-wise re-ranker.

We observe that CoRe-R shows remarkable improvement on Quora compared to the baselines in
Table[T} Quora is a duplicate-question retrieval task with a high proportion of hard negatives, i.e.,
irrelevant documents that closely resemble the gold answer. This structure aligns well with the
strengths of CoRe-R: unlike ICR and QR-R, which rely on absolute attention mass and do not
penalize attention to confusing negatives, CoRe-R’s contrastive metric explicitly rewards heads that
emphasize the positive document while suppressing near-duplicates. This suggests that contrastive
head selection is particularly valuable for domains with semantically dense or near-duplicate content
(e.g., FAQ retrieval, paraphrase search, code retrieval), highlighting an advantage of CoRe-R not
captured by average nDCG@ 10 alone.

Cross-lingual and multi-hop generalization. Table [2] reports the nDCG@10 on the MLDR
datasets across three language models. We exclude Phi-4 as the model is not intended to support
multilingual use (Microsoft Researchl 2024). To ensure compatibility, we evaluate only languages
that are supported by all three models. With the same set of CoRe heads detected using a subset
of the NQ dataset, CoRe-R shows major improvement in the re-ranking accuracy over all baselines.
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Table 2: nDCG@ 10 on the MLDR datasets top-40.

Dataset | Retriever Mistral 7B Llama-3.1 8B Granite-3.2 8B
Baseline | [CR QR-R CoRe-R [ ICR QR-R CoRe-R | ICR QR-R CoRe-R

German 19.9 237 272 282 249 278 28.6 |28.1 27.1 27.0
English 29.5 2377 246 28.1 |29.1 297 30.2 |28.6 283 29.2
Spanish 433 39.1 433 45.8 | 433 46.1 48.0 |464 469 47.6
French 49.1 473 469 53.0 |50.1 523 53.6 |53.1 537 53.9
Italian 41.9 36.0 359 42.5 |41.6 43.1 437 |424 438 43.8
Portuguese 52.1 46.1 49.1 547 |523 552 571 |55.6 56.0 57.5
Average 39.3 36.0 37.8 421 | 402 424 435 | 424 426 43.2

For Mistral 7B, both ICR and QR-R underperform the retriever baseline on average, while CoRe-R
achieves an average improvement of 2.8 points. For Llama-3.1 8B and Granite-3.2 8B, CoRe-R at-
tains the best nDCG @ 10 scores on all languages with an exception of German for Granite. Figure[3]
depicts the Recall@5 score on the multi-hop dataset MuSiQue, and CoRe-R continues to deliver the
highest accuracy across all models with an average gain of 2.5 points over ICR and 1.2 points over
QR-R (see Appendix [C.3]for more results). Overall, CoRe-R demonstrates consistent gains on both
cross-lingual and multi-hop tasks, underscoring the strong generalization ability of CoRe heads.
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Figure 3: Recall@5 on multi- Figure 4: Average nDCG@ 10 on BEIR benchmark with different
hop dataset MuSiQue. context length.

Long context scalability. Figure @ reports the average accuracy on BEIR benchmark under vary-
ing context lengths (see per-dataset results in Appendix [C.6). Across all settings, CoRe-R consis-
tently outperforms both ICR and QR-R. For Mistral 7B, all methods experience noticeable degra-
dation as the context length increases. This trend aligns with prior observations that the Mistral 7B
model is not robust under long-context settings, e.g., attempts to extend its context window through
long-context fine-tuning have been shown to degrade model quality 2024). For Llama-3.1
8B, both baselines also show mild degradation at longer context lengths. In contrast, CoRe-R con-
tinues to improve as context grows, further widening the performance gap. This behavior highlights
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Figure 5: Average nDCG@ 10 on BEIR top-40 using different number of top retrieval heads.
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the strong scalability of CoRe heads and their ability to effectively leverage longer retrieval contexts.

Effectiveness of few CoRe heads.  Figure [3]illustrates the re-ranking performance as a function
of the number of retrieval heads across three models. Across all settings, CoRe-R consistently
outperforms ICR, demonstrating the effectiveness of CoRe heads for relevance ranking across all
models. For Mistral 7B, CoRe-R substantially outperforms QR-R in performance for any number of
retrieval heads. With Llama-3.1 8B (Figure[5b), QR-R and CoRe-R are comparable in the re-ranking
performance for six or fewer number of retrieval heads, but CoRe-R at 8 heads surpasses QR-R.
Interestingly, with Phi-4 (Figure[5c)), although QR-R and CoRe-R deliver close average nDCG@ 10
scores with top 8 retrieval heads (51.7 vs. 52.1), CoRe-R has a very strong re-ranking performance
even with one single attention head (52.1), outperforming QR-R at all head levels.

5.3 EFFICIENT RE-RANKING VIA LAYER PRUNING

As illustrated in Figure [6] we observe that the highest scoring CoRe heads are concentrated in the
middle layers across all evaluated models. We note that the distribution in Mistral 7B is more sparse
due to the low temperature. Existing works have found that middle layers capture useful semantic
information while late layers are primarily responsible for token generation (Clark et al., 2019
Van Aken et al.,[2019). Since attention-based re-ranking does not involve text generation, the final
layers are not essential for our task. We hypothesize that pruning the majority of the late layers
greatly reduce memory consumption and computational cost while preserving re-ranking accuracy.

Figure [7] shows the corresponding peak GPU memory
usage and Figure [§] reports the average re-ranking accu-

racy and latency on BEIR under different levels of layer
pruning. The experiment is done on a single GPU H100
96GB. We further report the pruning experiment on the
baselines retrieval heads (Wu et al.l [2025)) and QR heads
in Appendix [C.4] and the results show that their perfor-
mance remains stable only under light pruning (30-40%)
and begin to degrade once pruning exceeds 40%. Mean-
while, CoRe-R preserves near identical re-ranking perfor-
mance under 50% pruning, reducing GPU memory usage
by approximately 40% and latency by 20%. Beyond this
point, CoRe-R performance begins to degrade: pruning
60% of the layers leads to a noticeable decline in the re-
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Figure 7: Peak GPU memory usage on

ranking performance, underscoring the central role of the  BEIR datasets.

CoRe heads in the middle layers. Nevertheless, even with
60% layers pruned, CoRe-R continues to outperform the ICR baseline across all models. This in-
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Figure 8: Average latency and re-ranking accuracy on BEIR benchmark.

dicates that the remaining CoRe heads in earlier layer{] carry sufficiently strong and discriminating
signals, surpassing the noisy aggregation of all heads in ICR.

5.4 COMPARISON OF CORE, QR, AND NIAH RETRIEVAL HEADS

In this subsection, we experiment with different set of retrieval heads, including the original retrieval
heads (Wu et al.,|2025) identified via copy-paste mechanism on Needle-in-a-Haystack task. We refer
to these heads as NIAH heads. For Llama-3.1 8B, none of the top 8 CoRe heads overlaps with the
top 8 NIAH heads, and only 3 overlap with the top 8 QR heads. For Mistral 7B, top 8 CoRe heads
overlap with 2 QR heads and 2 NIAH heads. In addition, CoRe heads concentrate in lower layers
than both QR heads and NIAH heads. We provide details of the head location in Appendix

Table 3: nDCG @10 on BEIR benchmark for Llama-3.1 8B.

Dataset Retriever | ICR NIAH-R QR-R QR-R CoRe-R
Baseline (w/ calib)  (w/o calib)

TREC-COVID 63.1 76.8 73.7 75.2 75.7 75.7
NFCorpus 33.7 35.0 34.2 35.7 36.4 36.7
DBPedia 36.0 38.7 37.1 39.2 39.0 394
SciFact 713 74.7 74.2 744 75.9 75.1
SciDocs 22.5 18.5 19.2 19.2 19.7 20.2
FiQA 36.9 413 40.8 434 44.0 44.1
NQ 51.6 60.8 57.5 61.4 63.0 63.2
FEVER 85.5 89.2 88.1 88.5 87.4 88.4
Climate-FEVER 30.3 22.5 23.1 22.8 229 22.7
HotpotQA 62.9 73.7 72.0 73.5 73.6 73.8
Touche 24.0 26.1 25.5 26.3 26.3 26.4
MSMARCO 30.7 329 31.6 34.7 339 34.9
Quora 86.7 78.7 80.1 74.5 74.6 82.3
ArguAna 56.4 425 51.7 51.2 54.2 55.0
CQADupstack 443 41.7 414 43.2 43.2 43.9
Average 49.1 50.2 50.0 50.9 51.3 52.1

Table [3] compares CoRe-R with the attention-based re-rankers using the NIAH heads (NIAH-R),
QR heads (without calibration) and the original QR heads (with calibration), for Llama-3.1 8B. As
NIAH retrieval heads are limited to copy-paste operations, NIAH-R underperforms ICR on average,
showing gains only on a few datasets such as Climate-FEVER and ArguAna, while showing worse
performance on many other datasets. The original QR-R with calibration underperforms QR-R with-
out calibration, indicating that contextual calibration is not essential for the head detection process.
Meanwhile, CoRe-R shows the highest overall nDCG@ 10 among all baselines.

5.5 ABLATION STUDY

Effect of detection dataset. To evaluate the robustness of CoRe head selection, we repeat the
detection procedure using a different dataset, MSMARCO. We found that the resulting CoRe heads
are nearly identical to those detected from NQ: for both Mistral 7B and Llama-3.1 8B, 7 out of

'Specifically layers 8-12 for Mistral 7B and Llama-3.1 8B, and layers 12-16 for Phi-4
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Table 4: nDCG@ 10 of CoRe-R on BEIR benchmark with different temperatures.

Dataset Retriever Mistral 7B Llama-3.1 8B
Baseline [t =0.1 ¢=0.01 t=0.001]t=0.1 ¢=0.01 ¢=0.001

TREC-COVID 63.1 73.6 73.8 73.8 75.7 76.3 76.3
NFCorpus 33.7 349 35.6 35.2 36.7 36.6 36.6
DBPedia 36.0 37.1 37.8 37.5 394 39.1 39.1
SciFact 71.3 72.2 73.0 74.7 75.1 75.9 75.9
SciDocs 22.5 17.1 18.4 19.5 20.2 20.0 20.0
FiQA 36.9 39.5 41.2 414 44.1 443 443
NQ 51.6 55.6 57.8 58.1 63.2 63.6 63.6
FEVER 85.5 86.9 87.7 88.7 88.4 88.2 88.2
Climate-FEVER 30.3 21.1 21.9 233 22.7 22.9 22.9
HotpotQA 62.9 71.6 72.4 73.4 73.8 73.4 73.4
Touche 24.0 26.6 27.1 26.2 26.4 26.9 26.9
MSMARCO 30.7 31.7 32.3 31.7 349 34.8 34.8
Quora 86.7 73.4 81.5 85.2 82.3 74.5 74.5
ArguAna 56.4 50.8 52.0 52.7 55.0 54.5 54.5
CQADupstack 443 40.3 41.4 41.6 43.9 43.6 43.6
Average 49.1 48.8 50.3 50.9 52.1 51.6 51.6

the 8 selected heads overlap, and the one different head comes close within the top-10 heads (see
Appendix [C.7). We then performed the re-ranking experiments using these MSMARCO-derived
heads, and the results are reported in Appendix With 7 out of 8 heads overlapping, the re-
ranking performance closely matches the results obtained using NQ, demonstrating that CoRe head
selection is highly stable and does not depend heavily on the detection dataset.

Effect of temperature. We perform ablation study on the temperature with different values t =
0.1,0.01,0.001. Since t directly controls the sharpness of the contrastive scoring metric, different
temperatures can change the shape of the score distribution and may affect which heads appear in
the top-ranked set. We found that the detected CoRe heads in Llama-3.1 8B are consistent across
all temperature values while Mistral 7B highly depends on the temperature with 4 common heads
detected out of 8 heads (see Appendix [B). We observe that many heads in Mistral attend strongly
to both the positive document and hard negatives, thus, higher temperatures ¢ = 0.1, 0.01 were not
able to capture high-quality heads in Mistral 7B.

Table ] shows the re-ranking accuracy per dataset under different temperatures. As expected, the
results for Llama are similar across all three temperature values, while Mistral demonstrates higher
impact from the different detected head set. While a small amount of temperature tuning is necessary
for certain models, the entire tuning process incurs minimal overhead as head detection is a relatively
fast one-time process per language model. Our experiments on selected LLMs show that the entire
head detection process takes less than an hour per model on an H-100 96GB GPU machine. Once
selected, the same CoRe heads generalize reliably across cross-domain tasks, multi-hop retrieval,
and long-context settings. This demonstrates that CoRe’s performance is not sensitive to temperature
in practice, and the detected heads remain robust across applications.

6 CONCLUSION

In this paper, we introduced Contrastive Retrieval heads (CoRe heads), a subset of attention heads
that capture the most discriminative signals for document re-ranking. We proposed a contrastive
scoring metric that identifies these heads by rewarding attention to relevant documents while penal-
izing focus on irrelevant ones. Across extensive experiments, we showed that aggregating attention
from CoRe heads produces a state-of-the-art re-ranker, consistently surpassing prior baselines across
tasks and models. Our analysis further revealed that CoRe heads cluster in the middle transformer
layers, enabling an effective layer-pruning strategy that cuts inference latency and memory usage
without sacrificing accuracy. Together, these results establish CoRe heads as primary carriers of
relevance information for re-ranking and underscore their promise for building fast, accurate, and
efficient retrieval systems.

10
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7 REPRODUCIBILITY STATEMENT

* Code and Scripts: All code, scripts, and configuration files are available at https://
anonymous.4open.science/r/CoRe—Reranking—CCBE

» Datasets: We use only publicly available datasets: Natural Questions (NQ), BEIR (15
datasets), and MLDR.

* Preprocessing: Hard negative mining and filtering are described in Section 4]

» Hyperparameters: All hyperparameters, including contrastive temperature values, are re-
ported in Section
e LLM Prompts: Details of the instruction prompts used are described in Appendix

» Hardware: Experiments were conducted on a single NVIDIA H100 96GB GPU.

8 ETHICS STATEMENT

This work builds on publicly available datasets, including Natural Questions, BEIR, and MLDR,
all of which are widely used in information retrieval research. We follow standard practices for
data usage, and no personally identifiable information (PII) is involved. Our methods require access
to internal attention scores of large language models, which may raise deployment constraints for
proprietary systems; however, all experiments in this paper use open-weight models. As with any
retrieval technology, potential risks include amplifying biases present in the underlying datasets or
misranking relevant information in high-stakes domains. We encourage future work to investigate
fairness, robustness, and bias mitigation in attention-based re-ranking methods before adoption in
sensitive applications.
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A PROMPT STRUCTURE

We use the same prompt structure for both head detection and re-ranking steps, which is adopted
from|Chen et al.[(2025)). The prompt starts with the instruction Here are some paragraphs:
and the list of retrieved documents separated by a newline. After the list of document, there is
a second prefix prompt for the query Please find information that are relevant
to the following query in the paragraphs above. Query:,and the query is
appended at the end. The entire prompt string is wrapped by the special tokens start token and
end token which vary based on the LLM used. See Table 5] for an example.

Table 5: An example prompt from NQ with Mistral 7B.

[INST] Here are some paragraphs:

[document 1] Can’t Help Falling in Love“Can’t Help Falling in Love” is a pop ballad
originally recorded by American singer Elvis Presley and published by Gladys Music,
Presley’s publishing company. It was written by Hugo Peretti, Luigi Creatore, and
George David Weiss. The song was featured in Presley’s 1961 film, Blue Hawaii.

During the following four decades, it was recorded by numerous other artists, including
Tom Smothers, Swedish pop group A-Teens, and the British reggae group UB40,
whose 1993 version topped the U.S. and UK charts.

[document 2] Can’t Help Falling in Love In 2015, the song was included on the If I
Can Dream album, on the occasion of the 80th anniversary of Presley’s birth. The version
uses archival voice recordings of Presley and his singers, backed by new orchestral
arrangements performed by the Royal Philharmonic Orchestra.

[document 40] I Can’t Help It (If I'm Still in Love with You) Williams sang the song
with Anita Carter on the Kate Smith Evening Hour on April 23, 1952. The rare television
appearance is one of the few film clips of Williams in performance.

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

Query: who recorded i can’t help falling in love with you[/INST]

B DISTRIBUTION OF RETRIEVAL HEADS

B.1 RETRIEVAL HEAD LOCATION

Prior work|Wu et al.[(2025) show that only the top 10— 15 heads demonstrate strong retrieval signals.
Our empirical results on the optimal number of heads (Section support this observation, as the
re-ranking accuracy peaks within the top-10 heads and starts to decline after 10 heads. This indicates
the top few heads are the most important heads for retrieval tasks, while heads outside of top-10 are
less effective which may contribute noise to the retrieval process.

We list below the exact location of the top 8 NIAH retrieval heads, QR heads (without calibration)
and CoRe heads for Llama-3.1 8B and Mistral 7B. We format (L-H) as layer L head H, for example,
(7-19) means layer 7 head 19.

Llama-3.1 8B:

o NIAH retrieval heads: (15-30), (27-7), (8-1), (16-1), (24-27), (16-20), (5-8), (16-23).
« QR heads: (13-18), (14-13), (13-1), (20-14), (14-29), (16-1), (14-22), (17-29).
« CoRe heads: (13-18), (13-1), (14-13), (13-21), (14-31), (13-13), (8-11), (14-20).

Mistral 7B:
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* NIAH retrieval heads: (18-0), (12-7), (12-6), (18-2), (18-3), (18-1), (30-8), (28-0).
* QR heads: (18-22), (15-26), (20-17), (18-0), (19-9), (16-22), (16-12), (19-16).
* CoRe heads: (15-21), (15-1), (16-12), (15-7), (9-26), (12-11), (12-7), (18-0).

We found that for Mistral 7B, CoRe heads overlap in 2 heads with both QR heads and NIAH retrieval
heads. For Llama-3.1 8B, our top CoRe heads overlap with QR heads in 3 heads, but do not overlap
with NIAH retrieval heads. Notably, the common 3 heads of CoRe and QR are in the top-3 and
these are the heads with highest retrieval score. This explains why there is a close gap between QR-
R and CoRe-R in the Llama results. Nevertheless, due to the difference in the remaining 5 heads,
CoRe-R shows superior performance in many datasets that exhibit high number of hard negatives.
In both models, CoRe heads appear in earlier layers compared to other heads, allowing for better
accuracy-efficiency tradeoff with layer pruning.

| Baselines | Mistral Top-32 | Mistral Top-64 | Llama Top-32 [ Llama Top-64 |

NIAH heads 19 35 16 30
QR heads 25 48 27 53

Table 6: Number of overlapping heads between CoRe heads and other baselines.

We also investigate the overlapping in top-32 and top-64 heads between CoRe heads and the base-
lines in Table [ In both top-32 and top-64 heads, we found that CoRe heads overlaps in approx-
imately 50% with NIAH and 75% with QR. However, as mentioned above, these lower-ranking
heads are not important for retrieval tasks, and their retrieval scores are very low compared to the
first top-8 heads.

B.2 EFFECT OF CONTRASTIVE TEMPERATURE

As discussed in Section[d] the contrastive temperature ¢ controls the sharpness of the head distribu-
tion. Figure [0 demonstrates the effect of the temperature on the distribution of CoRe heads within
Mistral 7B. Lower temperature heavily penalizes the non-CoRe heads which leads to larger gap in
Score. Nonetheless, all levels of temperatures result in similar distribution of the top CoRe heads.
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Figure 9: Distribution of S¢,re for all heads in Mistral 7B with different temperature ¢. All temper-
atures result in similar distribution of CoRe heads with the top few heads lie in the middle layers.

We also report the exact CoRe heads detected in Mistral 7B and Llama-3.1 8B with varying temper-
ature below.

Llama-3.1 8B CoRe heads:

e ¢t =0.1: (13-18), (13-1), (14-13), (13-21), (14-31), (13-13), (8-11), (14-20).
* ¢t =0.01: (13-18), (14-13), (13-21), (14-31), (13-1), (14-20), (13-13), (13-3).
* ¢t =0.001: (13-21), (13-18), (14-31), (14-13), (14-20), (13-3), (13-1), (13-13).
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Figure 10: Distribution of S¢,g. for all heads
in Granite-3.2 8B with temperature ¢ = 0.001.
The top CoRe heads are in middle layers or late
layers.

Mistral 7B CoRe heads:

e t =0.1: (19-9), (18-3), (16-12), (18-0), (16-22), (18-22), (15-1), (15-8).
* ¢t =0.01: (19-9), (16-12), (15-1), (16-22), (15-21), (12-11), (18-0), (18-22).
e t =0.001: (15-21), (15-1), (16-12), (15-7), (9-26), (12-11), (12-7), (18-0).

C ADDITIONAL EXPERIMENT RESULTS

C.1 RESULTS ON GRANITE-3.2 8B MODEL

In this subsection, we provide experimental results on Granite-3.2 8B model. Figure[I0|demonstrates
the distribution of CoRe heads within Granite-3.2 8B model, and the specific CoRe heads are:

(19-1), (17-20), (19-19), (34-28), (17-25), (17-7), (19-4), (19-31).
Beside the CoRe heads concentrated in the middle layers, many heads in the late layers also exhibit

high Score Which can potentially be considered CoRe heads. Nevertheless, most of the top 8 CoRe
heads still lie in the middle layers for Granite, with an exception for head (34-28).
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Figure 12: Average nDCG@ 10 on BEIR bench-
mark for Granite-3.2 8B using attention signal

Figure 13: Average nDCG@10 on BEIR bench-
mark for Granite-3.2 8B with different levels of

from different number of top retrieval heads. layer pruning.

Figure[TT|shows the nDCG@ 10 score on DBPedia dataset for Granite-3.2 8B with different number
of retrieval heads. Similar to other models, we observe that the attention signal from fewer number
of heads achieves better re-ranking accuracy than the noisy aggregation over all heads (ICR), and
the nDCG @10 score peaks with a small number of CoRe heads. Interestingly, there is negligible
accuracy degradation across different number of retrieval heads. This trend indicates that most
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attention heads within Granite-3.2 8B do not contribute much noise to the aggregated attention
signals. Hence, the activation of more attention heads has a minimal influence on the final re-
ranking accuracy. Figure[I2]provides a closer look at the top 8 CoRe heads with comparison to ICR
and QR-R. Again, CoRe-R with more than 3 heads consistently outperforms ICR and QR-R.

Figure demonstrates the affect of layer pruning on the re-ranking accuracy of CoRe-R with
Granite-3.2 8B. We observe that pruning 30 — 50% of the final layers results in nearly identical
nDCG @10 with a slight drop of 0.4 points compared to no pruning. This result highlights the im-
portance of the late CoRe head (34-28). Similar to other models, there is a decline in re-ranking
performance with more than 50% layers pruned, underscoring the importance of the CoRe heads in
the middle layers.

C.2 RESULTS WITH CUSTOMIZED PROMPTS

Table 7: nDCG @ 10 on Quora dataset with the universal prompt and the customized prompt.

Method Llama-3.1 8B Phi-4 Granite-3.2 8B
universal customized | universal customized | universal customized

ICR 78.7 83.8 74.2 76.8 83.1 83.8

QR-R 74.6 80.8 76.5 80.7 79.8 82.3

CoRe-R 82.3 854 80.2 854 75.1 84.4

All attention-based re-rankers underperform the retriever baseline in some datasets that require
more task-specific instruction prompts. For example, we show that a customized prompt for dupli-
cated question dataset Quora, i.e. Please identify question that has the exact
same meaning with the following query. Query: canimprove the performance.

We report the re-ranking results in Table Overall, the task-specific prompt increases the
nDCG @10 scores for all attention-based re-rankers by large margin. As expected, CoRe-R still
stands out as the best-performing re-ranker, delivering the best re-ranking accuracy across all mod-
els. Future work could explore different ways to optimize the task-specific prompt design for Quora
as well as other datasets, which further improve the final re-ranking performance.

C.3 RESULTS ON STATISTICAL SIGNIFICANCE

We conducted a randomized stratified hypothesis test (Noreen, |1989), comparing CoRe-R and QR-
R. For each query, we randomly permute their scores with 50% probability and compute the distribu-
tion of permuted differences. The p-value is the proportion of permutations in which the permuted
difference exceeds the original difference. As shown in Table [8] 9] all LLMs evaluated on BEIR
and MLDR yield p-values well below 0.05, confirming that CoRe-R’s improvements over QR-R are
statistically significant.

Table 8: Statistical significance testing of CoRe-R vs. QR-R on the BEIR benchmark.

Mistral 7B | Llama-3.1 8B | Phi-4 | Granite-3.2 8B
Core-R — QR-R 2.0 0.8 0.4 0.3
p-value 0.001 0.001 0.001 0.033

Table 9: Statistical significance testing of CoRe-R vs. QR-R on the MLDR benchmark.

Mistral 7B | Llama-3.1 8B | Granite-3.2 8B
Core-R — QR-R 4.3 1.1 0.6
p-value 0.001 0.001 0.034

C.4 RESULTS ON LAYER PRUNING

We report the layer pruning experiment for the baselines NIAH-R and QR-R in Figure [[4] As
reported in Section NIAH and QR contain many mid-layer heads, NIAH-R and QR-R also
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Figure 14: Average re-ranking accuracy on BEIR benchmark with different levels of layer pruning.

show efficiency benefit with 30-40% layer pruning. However, both baselines start to degrade much
earlier (after 40%) compared to CoRe-R which continues to retain near-identical performance up to
50%. This observation makes intuitive sense because all CoRe heads lie in early to mid layers while
NIAH and QR have some late-layer heads (layer 20 and after). Overall, CoRe-R not only delivers
the highest re-ranking accuracy, but also shows the best accuracy-efficiency tradeoff thanks to its
structural head location.

C.5 RESULTS ON MULTI-HOP TASKS

We conduct additional experiment on two multi-hop tasks MuSiQue (Trivedi et al.}[2022)) and CLIP-

PER (Pham et al.| 2025). We follow the same setup in (2025) for MuSiQue dataset and
adopt the same setting in|Zhang et al.| (2025)) for CLIPPER dataset.

Table 10: Re-ranking performance on multi-hop datasets.

Dataset Retriever | Mistral 7B [ Llama-3.1 8B [ Phi-4 [ Granite-3.2 8B

Baseline [ ICR QR-R CoRe-R [ ICR QR-R CoRe-R [ ICR QR-R CoRe-R [ ICR QR-R CoRe-R ]
MuSiQue (R@2) 37.9 40.0 419 43.9 445 459 46.7 409 459 46.3 457  46.1 46.8
MuSiQue (R@5) 49.2 539 544 56.2 57.0 583 58.9 548 573 58.5 564 572 58.4
CLIPPER (R@2) 5.1 242 259 26.5 27.8  29.0 29.8 265 283 28.9 26.6 26.7 27.5
CLIPPER (R@5) 22.0 43.0 45.1 45.7 457 48.8 48.6 46.5 472 479 46.1 44.6 47.1

Table [10| reports Recall@2 and Recall@5 for both multi-hop datasets with four language models.
Overall, CoRe-R stands out with the best re-ranking accuracy in both tasks across all models with
only one exception of CLIPPER Recall @5 in Llama-3.1 §B.

C.6 RESULTS ON LONG CONTEXT

In this subsection, we evaluate the attention-based re-rankers on various context length with the
BEIR benchmark. We report per-dataset nDCG@ 10 using top-60 documents in Table [T1] top-80
documents in Table[I2]and top-100 documents in Table[T3]

In both context length settings, CoRe-R outperforms the baselines across all models. Similar to the
re-ranking results for top-40 in the main text, CoRe-R shows prominent improvement in all datasets
for Mistral 7B. For Llama-3.1 8B, CoRe-R even shows further improvement with longer context
length on many datasets compared to top-40, while both baselines ICR and QR-R show accuracy
degradation. These results widen the gap between CoRe-R and the baselines, demonstrating the
superior robustness of CoRe-R in long context settings.

C.7 RESULTS ON DIFFERENT DETECTION DATASETS

To study the sensitivity of CoRe-R to the detection dataset, we conduct the re-ranking experiments
using different CoRe heads detected using a subset of the MSMARCO dataset. We found that the
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Table 11: nDCG@10 on the BEIR benchmark top-60.

Dataset Retriever [ Mistral 7B [ Llama-3.1 8B [ Phi-4 [ Granite-3.2 8B ]

Baseline | ICR  QR-R CoRe-R [ I[CR QR-R  CoRe-R [ICR QR-R_ CoRe-R [ ICR QR-R CoRe-R|
TREC-COVID 63.1 71.5 743 74.6 769 775 719 738 770 77.0 73.7 717 71.9
NFCorpus 33.7 327 343 34.8 345 355 36.8 272 346 34.8 324 33.0 33.0
DBPedia 36.0 353 369 375 38.6 393 39.8 36.4 400 40.3 359 353 36.6
SciFact 713 72.1 713 73.6 743 745 75.3 652 703 70.9 75.1 742 74.5
SciDocs 22.5 167 17.1 19.3 18.5 18.6 19.6 17.5  20.7 20.7 194 195 19.6
FiQA 36.9 37.0 39.6 41.6 420 427 44.2 36.0 428 43.0 41.1 409 41.9
NQ 51.6 53.1 549 56.8 61.0 633 63.2 569 63.1 63.7 59.5 579 60.5
FEVER 85.5 87.4 87.0 88.4 89.1 882 88.1 89.0 89.6 89.6 884 88.0 86.6
Climate-FEVER 30.3 214 208 232 223 21.7 22.6 224 249 24.5 219 211 21.0
HotpotQA 62.9 722 725 74.2 749 74.6 75.0 744 75.6 75.7 720 733 73.6
Touche 24.0 235 258 27.6 269 274 28.2 192 253 25.6 235 252 25.6
MSMARCO 30.7 28.8 311 31.0 328 345 34.8 30.1 345 34.7 30.7 304 31.8
Quora 86.7 81.2 714 85.1 78.0 729 81.5 752 708 80.5 79.5 70.1 74.5
ArguAna 56.4 46.6 512 533 43.0 505 55.1 40.7 49.8 51.7 547 546 56.7
CQADupstack 443 383 403 41.2 41.7  43.1 434 373 429 43.5 423 430 43.6
Average 49.1 47.83 48.6 50.8 50.2  50.9 524 46.7  50.8 51.7 50.0 49.2 50.1

Table 12: nDCG@10 on the BEIR benchmark top-80.

Dataset Retriever [ Mistral 7B [ Llama-3.1 8B [ Phi-4 [ Granite-3.2 8B ]

Baseline | ICR QR-R CoRe-R [ I[CR QR-R CoRe-R [ICR QR-R_ CoRe-R [ ICR QR-R CoRe-R|
TREC-COVID 63.1 69.6 74.0 74.8 784 783 78.2 73.1 715 71.5 734 704 73.7
NFCorpus 33.7 327 337 33.9 334 353 36.8 238 329 32.6 31.6 318 32.6
DBPedia 36.0 346 36.8 37.6 39.0 395 40.0 358 405 40.5 36.7 355 36.4
SciFact 713 70.6  67.1 71.5 735 74.0 76.0 53.6  60.2 61.6 745 738 74.1
SciDocs 22.5 164 17.1 19.0 18.1 182 19.4 158 19.0 19.8 194 195 19.1
FiQA 36.9 36.1  40.1 41.7 413 423 43.5 333 420 41.8 404 398 41.1
NQ 51.6 513 545 56.3 60.8 63.5 62.8 56.1  63.2 63.3 593 577 60.3
FEVER 85.5 873 869 88.5 86.0 86.1 87.9 88.5 89.2 89.3 873 87.1 87.1
Climate-FEVER 30.3 21.1 209 22.7 222 225 22.4 215 240 24.3 222 212 21.3
HotpotQA 62.9 72.5 729 74.8 75.6 754 75.8 749 76.2 76.2 75.6 74.6 74.2
Touche 24.0 229  26.6 28.5 279 27.1 28.7 193 263 26.6 21.8 238 24.2
MSMARCO 30.7 279 287 304 327 344 34.7 29.7  34.6 34.6 30.7  30.2 32.2
Quora 86.7 813 71.7 85.1 79.0 726 82.4 746 744 78.6 735 726 74.9
ArguAna 56.4 482 523 53.1 432 507 55.2 36.6 478 48.2 543 551 55.7
CQADupstack 443 38.0 40.1 40.7 41.6 429 43.2 36.3  42.1 424 422 420 42.9
Average 49.1 474 482 50.6 50.1 508 52.5 449 499 50.5 495 49.0 50.0

Table 13: nDCG @10 on the BEIR benchmark top-100.

Dataset Retriever [ Mistral 7B [ Llama-3.1 8B [ Phi-4 [ Granite-3.2 8B
Baseline | ICR  QR-R CoRe-R [ I[CR QR-R CoRe-R [ICR QR-R_ CoRe-R [ ICR QR-R CoRe-R|

TREC-COVID 63.1 66.8 73.0 73.7 762 79.2 79.6 71.0  79.0 79.2 729 71.6 75.0
NFCorpus 33.7 315 313 325 332 352 36.8 183 233 234 319 318 32.7
DBPedia 36.0 33.6 36.7 375 389 397 39.8 353 405 40.5 365 36.1 374
SciFact 713 629 582 66.0 74.1 748 76.7 413 454 45.9 740 740 73.8
SciDocs 22.5 16.5 165 18.6 17.5 182 19.3 10.1 151 15.2 194 195 19.3
FiQA 36.9 356 395 40.3 41.0 420 43.9 277 363 36.8 404 397 41.0
NQ 51.6 50.2 538 55.5 60.7 609 62.4 548 628 62.9 588 57.0 60.3
FEVER 85.5 87.1 86.4 88.2 889 88.0 87.8 87.2 88.8 88.6 86.5 87.1 87.4
Climate-FEVER 30.3 214 215 23.1 223 221 22.6 179 213 21.7 221 21.0 21.9
HotpotQA 62.9 7277 732 75.1 76.0 758 76.1 754 76.7 76.8 734 741 75.2
Touche 24.0 21.6 264 27.1 269 26.1 27.3 147  24.6 243 212 231 23.7
MSMARCO 30.7 273 285 30.2 323 342 34.2 289 344 34.5 302 31.0 32.1
Quora 86.7 81.5 724 85.1 789 717 82.0 753  76.1 78.4 737 749 75.7
ArguAna 56.4 485 524 524 425 503 54.9 17.1 322 323 539 544 55.2
CQADupstack 443 37.6 392 39.8 41.3 425 43.0 329 409 39.6 419 420 42.7
Average 49.1 463 473 49.7 50.0 50.7 52.4 40.5 464 46.7 49.1  49.1 50.2

new detected CoRe heads are nearly identical to the CoRe heads detected using NQ, with 7 out of 8
overlapping heads. Specifically, the exact head location is listed below.

Llama-3.1 8B CoRe heads:

* Detected via NQ: (13-18), (13-1), (14-13), (13-21), (14-31), (13-13), (8-11), (14-20).
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Table 14: nDCG@ 10 of CoRe-R on BEIR benchmark with different hard negatives data.

Dataset Retriever Mistral 7B Llama-3.1 8B
Baseline [ NQ MSMARCO | NQ MSMARCO

TREC-COVID 63.1 73.8 74.5 75.7 75.6
NFCorpus 33.7 35.2 35.6 36.7 36.5
DBPedia 36.0 37.5 38.1 394 394
SciFact 71.3 74.7 73.6 75.1 75.8
SciDocs 22.5 19.5 19.0 20.2 20.0
FiQA 36.9 41.4 41.3 44.1 439
NQ 51.6 58.1 58.3 63.2 63.3
FEVER 85.5 88.7 88.3 88.4 88.7
Climate-FEVER 30.3 23.3 22.7 22.7 22.7
HotpotQA 62.9 73.4 73.0 73.8 73.9
Touche 24.0 26.2 27.4 26.4 26.3
MSMARCO 30.7 31.7 32.3 349 35.1
Quora 86.7 85.2 83.8 82.3 82.0
ArguAna 56.4 52.7 52.2 55.0 54.7
CQADupstack 443 41.6 41.4 43.9 439
Average 49.1 50.9 50.8 52.1 52.1

« Detected via MSMARCO: (13-18), (13-1), (14-13), (13-21), (14-31), (16-1), (8-11), (14-
20).

Mistral 7B CoRe heads:

e Detected via NQ: (15-21), (15-1), (16-12), (15-7), (9-26), (12-11), (12-7), (18-0).
« Detected via MSMARCO: (15-21), (15-1), (16-12), (15-7), (9-26), (12-11), (19-9), (18-0).

We further repeat the re-ranking experiment on the BEIR benchmark using the CoRe heads detected
via MSMARCO. The main results in Table [T4]show similar and consistent performance, confirming
that CoRe heads do not heavily depend on the detection data.

C.8 RESULTS ON DIFFERENT NUMBER OF CORE HEADS

We repeat the “number of heads” experiment from Figure [2] on three additional datasets NQ, NF-
Corpus and FiQA using two models Mistral 7B and Llama-3.1 8B. Figure T3] shows the re-ranking
results in each setting, and we observe the same consistent trend where the accuracy peaks within
the top-10 CoRe heads and gradually declines as the number of heads grows. This stability across
diverse datasets supports our claim that CoRe requires no dataset-specific tuning and that a small,
fixed number of heads suffices in practice.
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Figure 15: nDCG@ 10 with CoRe-R across all number of CoRe heads.
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