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Abstract

Fine-grained citations are essential for trustwor-
thy retrieval-augmented generation (RAG), but
most systems ask models to generate citation
markers as output tokens, adding formatting
burden and potentially obscuring actual evi-
dence use. We propose a training-free frame-
work that derives sentence-level citations di-
rectly from retrieval-head attention. An offline
semantic probe selects the head that best aligns
generated clauses with supporting source sen-
tences. At inference time, the model answers
once without citation instructions; we aggre-
gate the selected head’s attention into a clause-
to-sentence matrix and apply a peak-minus-
entropy rule to cite or abstain. The method re-
quires no retriever, verifier, or citation-specific
tuning. On LongBench-Cite, it achieves 82.7—
86.4 citation F1 across models, outperforming
prompting, post-hoc matching, and fine-tuned
citation generation while preserving answer
correctness.

1 Introduction

Retrieval-augmented generation (RAG) enables
language models to answer questions from exter-
nal evidence rather than relying only on parametric
knowledge (Lewis et al., 2020; Jiang et al., 2023).
For such systems, citations are not merely a for-
matting convention: they are the main interface
through which users verify whether each gener-
ated claim is supported by the retrieved context,
trace answer provenance, and diagnose hallucina-
tions. This makes fine-grained attribution a core
requirement for trustworthy long-context genera-
tion (Rashkin et al., 2023; Bohnet et al., 2022; Gao
et al., 2023). However, recent analyses show that
self-generated citations can be malformed, unsup-
ported, or disconnected from the evidence actually
used by the model (Qi et al., 2024).

Most existing approaches address attribution by
asking the model to generate citation markers to-
gether with the answer. These methods vary in

supervision and optimization—from prompting to
supervised fine-tuning and alignment—but they
share the same premise: attribution is represented
as surface-form output tokens (Zhang et al., 2025;
Chuang et al., 2025; Yu et al., 2026). This creates
two limitations. First, citation quality depends on
the model’s ability to learn a specialized output
format, which can introduce generation burden and
correctness degradation. Second, the generated
marker may not reflect the model’s actual evidence-
use process. We instead ask whether citations can
be recovered from the internal signal that the model
already computes while producing the answer.

Our key observation is that long-context mod-
els often reveal evidence use through a small set
of retrieval heads. Prior work shows that these
heads carry sparse context-retrieval behavior and
are causally linked to factual recall (Wu et al.,
2025). We therefore formulate citation generation
as an attention readout problem: rather than gen-
erating citation tokens, we read where the model
looked when it generated each clause.

The proposed pipeline has two stages. In an of-
fline calibration stage, we identify a citation head
with semantic probing. Unlike verbatim needle-
in-a-haystack probes, our probe aligns generated
clauses with supporting source sentences in embed-
ding space, so it can capture paraphrase, compres-
sion, and synthesis rather than only copied tokens.
In the inference stage, the model generates a nor-
mal answer once, with no citation instruction. We
record the selected head’s attention, segment the
answer into clauses and the context into source sen-
tences, normalize token-level attention, and sum
attention mass over each source-sentence span to
obtain a clause-to-sentence citation matrix. A con-
fidence rule then emits citations when the attention
row is sharply peaked and abstains when it is dif-
fuse.

This design addresses three practical challenges.
Semantic probing selects heads that track support-



ing evidence rather than heads that only copy sur-
face tokens. Normalize-then-sum aggregation con-
verts token-level attention into sentence-level ci-
tation scores without penalizing longer evidence
sentences. Finally, the peak-minus-entropy deci-
sion rule separates attributable factual clauses from
transitional or unsupported clauses whose attention
is spread across the context.
Our contributions are:

* We reframe fine-grained citation as a
training-free readout from retrieval-head atten-
tion, avoiding citation-token generation and
citation-specific fine-tuning.

* We introduce a complete attention-based cita-
tion pipeline that combines semantic citation-
head probing, normalize-then-sum aggrega-
tion, and peak-minus-entropy cite/abstain de-
cisions.

* We show on LongBench-Cite that attention-
derived citations consistently outperform
prompting, post-hoc matching, and generated
citations from a fine-tuned citation model,
while preserving answer correctness.

2 Related Works

Attribution in retrieval-augmented generation.
Fine-grained attribution connects generated state-
ments to the external evidence that supports them,
and is therefore central to reliable RAG (Rashkin
et al., 2023; Bohnet et al., 2022; Gao et al., 2023).
Existing methods mainly fall into two groups. Post-
processing methods attach citations after genera-
tion through lexical or semantic matching, entail-
ment verification, or lightweight correction mod-
els, as in systems such as RAGFlow, TRUE, and
CiteFix (Infiniflow, 2024; Honovich et al., 2022;
Maheshwari et al., 2025). They are easy to deploy
because they do not modify the generator, but they
decouple attribution from the model’s actual decod-
ing process. End-to-end methods instead prompt,
fine-tune, or align LLMs to emit citation mark-
ers together with the answer (Nakano et al., 2021;
Zhang et al., 2025; Chuang et al., 2025; Yu et al.,
2026). These methods can produce more integrated
outputs, but they require citation data or optimiza-
tion and can burden generation with an additional
formatting task. Our work differs from both fam-
ilies: we do not add a post-hoc verifier or train
the model to generate citation tokens, but recover

citations from the attention trace produced during
normal answer generation.

Retrieval heads in large language models. In-
terpretability studies show that attention heads can
specialize into distinct functional roles, includ-
ing induction, knowledge, reasoning, and safety-
related heads (Olsson et al., 2022; Wang et al.,
2023; Jiang et al., 2024; Wang et al., 2024; Zhang
et al., 2024). In long-context settings, retrieval
heads are particularly relevant: they form a small
set of heads that concentrate attention on key evi-
dence, and pruning them substantially hurts long-
context recall and factuality (Wu et al., 2025). Re-
cent systems exploit this property for long-context
efficiency or robustness, for example by allocating
full KV cache to retrieval heads or compressing
non-retrieval heads (Xiao et al., 2025; Tang et al.,
2025; Zheng et al., 2025). We build on the same
mechanistic insight, but use retrieval heads for at-
tribution. Specifically, we select a citation head
with semantic probing and convert its attention into
sentence-level citations through normalized atten-
tion aggregation and confidence-aware abstention.

3 Method

3.1 Overview and Motivation

Our goal is to produce sentence-level citations for
the free-form answers of a long-context language
model without additional training, an external re-
triever, or a separate verification model. The central
observation is that grounding information is already
present in the model’s decoding process. When the
model generates a faithful answer, part of its at-
tention returns to the source sentences that support
the current statement. A citation can therefore be
recovered from the model’s internal evidence-use
trace rather than generated by an extra prediction
module.

This observation leads to two design problems.
The first problem is to locate where the grounding
signal is concentrated in the network. Prior work
on retrieval heads shows that long-context recall
is carried by a small and sparse set of attention
heads rather than distributed uniformly across all
heads (Wu et al., 2025). The second problem is
to convert a noisy token-level attention map into a
discrete sentence-level citation decision, including
the decision to abstain when a generated clause is
not attributable to a specific source sentence. We
address the first problem with a behavioral prob-
ing procedure that selects a citation head, and we



address the second problem with an attention read-
out that aggregates the selected head’s attention
into clause-to-sentence citation scores. Figure 1
summarizes the pipeline.

Notation. Given a query ¢ and a source doc-
ument D, we segment D into source sentences
C = {c1,...,cm}. Source sentence c; occupies
the prompt-token span /; = {a;,...,b; — 1}. The
model generates an answer Y autoregressively, and
we segment Y into clauses S = {s1,...,Sn}.
Clause s; corresponds to the decoding-step set
T; € {1,...,T}. An attention head is indexed
by h = (I, k), where [ is the layer and k is the
head index. At decoding step t, head h produces
an attention distribution o € e APl over document
tokens. English source sentences are segmented
with the Punkt sentence tokenizer (Kiss and Strunk,
2006), and Chinese text is segmented with punctua-
tion rules. A merge pass absorbs fragments shorter
than 15 characters into the preceding unit so that
citation targets remain semantically self-contained.

3.2 Citation Head Identification

Using all attention heads washes out the sparse
grounding signal. We therefore first probe the
model to identify the head whose attention most
reliably tracks the evidence used by generated
clauses. Unlike the original needle-in-a-haystack
protocol (Kamradt, 2023), which inserts a short
needle passage into a long distractor context, we
construct probes from documents better suited to
RAG scenarios. Specifically, we randomly sam-
ple 100 Chinese and 100 English instances from
the LongCite-45k training set and query the model
to generate answers conditioned on the provided
long-context documents.

The original retrieval-head probe rewards ver-
batim recall (Wu et al., 2025). A head scores
well when its top-attended token coincides with
the source token being reproduced. This criterion
is too restrictive for citation, because a cited an-
swer often paraphrases, compresses, or synthesizes
evidence rather than copying it. We therefore re-
place token-level copying with sentence-level se-
mantic alignment. The probe credits a head when
its attention points to the evidence sentence that
semantically supports the generated clause.

Semantic alignment. Let Cy denote the set of
sentences in the inserted evidence passage. We em-
bed every evidence sentence and every generated
clause with the BGE-M3 sentence encoder (Chen

et al., 2024). For clause s;, the aligned evidence
sentence c; and its semantic confidence o; are

¢t = arg maxsim (9(s;), 6(c),
ceCn (1)

0; = maxsim(¢(s;), ¢(c)).
ceCn
Here sim denotes cosine similarity. Clause s; is
treated as valid when o; > ¢ and invalid when
0; < § — e. Clauses in the dead zone are omitted
from the head score. We use 6 = 0.7 and € = 0.05.

Grounding score. For head h, let

ml = arg max a'[m] ()
1<m<|D|

be the document-token position that receives the
largest attention at decoding step ¢. For a valid
clause s;, we measure how often the top-attended
token falls inside the aligned evidence sentence:

gn(si _\T]Z [mtESpan( )] 3)

This term rewards heads that consistently point to
the correct supporting sentence while the model
generates the clause.

A useful citation head should also remain un-
committed when the clause is not grounded in the
evidence passage. For an invalid clause, we com-
pute the largest fraction of decoding steps whose
top-attended token falls in any single source sen-
tence:

concy(s;) = max

 max \T\ [mt € span(c;)| .

“)

This concentration term penalizes heads that con-

fidently point to a source sentence even when the
generated clause lacks reliable semantic support.

Let V and Z be the valid and invalid clause sets
for one probing example. The score of head £ is

teT;

> sey Ti gn(si)
> sicv Oi
2,ez (L — 0i) concp(si)
Esiel(l ),
If either set is empty, the corresponding term is

omitted. We average r;, over the probing set and
select the citation head

TR =

&)

h* = arg max Eprobe [rh} ) 6)
h
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Figure 1: Overview of the training-free attention-based citation framework. Citation-head identification uses
semantic probing on needle-in-a-haystack examples to select the attention head that most reliably tracks supporting
evidence. During inference, the model generates the answer once while recording the selected head’s attention.
The method normalizes token-level attention, sums attention mass over source-sentence spans, and constructs a
clause-to-sentence citation matrix. A confidence-aware decision module emits a citation when the corresponding
attention row is sufficiently concentrated and abstains when the row is diffuse.

The key design is the reward-penalty structure in

document tokens:

Eq. (5). A head is selected only when it attends to I |
the right evidence for grounded clauses and avoids @i = T3] Z 4
sharp spurious attention for ungrounded clauses. te@@ ®)
(2
pi = D .
St ailm]

3.3 Attention-Based Citation Generation

After selecting h*, inference requires only one nor-
mal decoding pass. We generate the answer with
greedy decoding and record the selected head’s
attention over document tokens at every step:

at :a? e RIPI.

(N

Citation is then a deterministic readout from the
recorded attention sequence {a;}._;.

Normalize-then-sum aggregation. The readout
must convert token-level attention over decoding
steps into a clause-to-sentence score. We first aver-
age the selected head’s attention over the decoding
steps of clause s; and normalize the result over

We then sum the normalized attention mass inside
each source-sentence span:

bi—1

Z pi[m].

m=aj;

Aij )
The core aggregation principle is normalize-then-
sum. Normalization makes rows comparable
across clauses, while summation preserves the in-
terpretation of A;; as the total evidence-attention
mass assigned from clause s; to source sentence c;.
This avoids the length bias introduced by mean
pooling, which can understate the relevance of
longer evidence sentences.

We row-normalize the sentence scores to obtain
a distribution over candidate source sentences:

Ajj M

—_— Ay =1.  (10)
o 2

Zj =1 Aijr j=1

/_1:

ij



The matrix A € RV*M i the clause-to-sentence
citation matrix.

Confidence-aware citation decision. A clause
should receive citations only when its attention is
concentrated on a small set of source sentences.
Clauses that are transitional, connective, or not
directly attributable tend to spread their attention
diffusely over many source sentences. We char-
acterize each citation row [11-7; with two quantities.
The row peak max; A, ; 18 the largest mass assigned
to any single source sentence. The normalized en-
tropy U; € [0, 1] measures how dispersed the row
is: it is the Shannon entropy H; divided by its
maximum possible value log M, where M is the
number of source sentences and log M is the en-
tropy of the uniform distribution over them. Uj is
close to 0 when the row is peaked on one sentence
and close to 1 when the row is uniform. Because
U; already lives on the same [0, 1] scale as the peak,
we subtract it directly and no trade-off coefficient
is needed. The clause confidence score 1); is the
row peak minus the normalized entropy:

M
Hy=-> Ajlog Ay,
j=1
o Hi amn
" log M’
bij = Ay — Ui

We use the convention 0 log 0 = 0.

Rather than citing only the single peak sentence,
we cite every source sentence whose attention mass
is comparable to the peak. We define the candidate
set

\%:{j:Aij>51£,a§XMAij/}> B = 0.5,

(12)
i.e., the source sentences whose mass exceeds half
of the row peak. A clause emits citations only
when its confidence score clears the threshold 7,

and abstains otherwise:

ci:j€Tit, iy >,
cite(s;) = tei:g b vy (13)
0, Pij < T,
where 7 is a fixed hyperparameter set to 7 = —0.7.

The core decision rule is peak-minus-entropy. A
peaked row has a high peak and low normalized
entropy, so it yields a high 1; and a confident ci-
tation; a diffuse row has high normalized entropy,
a low 1;, and is more likely to abstain. When a

clause does cite, the half-peak candidate set lets
it attribute to several supporting sentences at once
rather than a single one, which matters when a
clause synthesizes evidence spread across multiple
source sentences.

4 Experiments

4.1 Experimental Setup

Benchmark. We evaluate on LongBench-Cite
(Zhang et al., 2025), a standard benchmark for
long-context question answering with citations
(LQAC). It comprises five datasets: MultiFieldQA-
en/zh (single-document QA), HotpotQA and
DuReader (multi-document QA), GovReport (sum-
marization), and LongBench-Chat (real-world
mixed tasks). Following Zhang et al. (2025),
we adopt sentence-level citations rather than
the chunk-level scheme used in prior work (Gao
et al., 2023). Specifically, we segment both the
source document and model responses into sen-
tences using NLTK (Bird, 2006) for English and
punctuation-based rules for Chinese. This avoids
the mid-sentence truncation and coarse granular-
ity of fixed-length chunks, yielding more precise
and verifiable attributions. Dataset statistics are
detailed in Appendix A.

Evaluation of citation quality. Following Zhang
et al. (2025), we adopt citation F1—computed
from citation recall (R) and citation precision (P)—
as the primary metric for citation quality, and em-
ploy GPT-40 as the automatic judge to better handle
the paraphrasing and synthesis prevalent in long-
context QA.

Citation recall is scored per statement (0/0.5/1)
and averaged over all statements. For a statement
s; with at least one citation (cite(c;) # 0), we con-
catenate all cited snippets and prompt GPT-40 to
judge whether the concatenated text fully supports
(1 point), partially supports (0.5 point), or does not
support (0 point) s;. For statements without cita-
tions (cite(¢;) = (), GPT-4o0 determines whether
s; is a functional sentence (e.g., introductory, tran-
sitional, or summary) that legitimately requires no
citation—if so, recall is 1; otherwise, 0.

Citation precision is scored per citation (0/1 for
irrelevant/relevant) and averaged over all citations.
A cited snippet ¢; ; is deemed relevant if it entails at
least some key points of s;, i.e., partially supports
the statement.

Citation F1 combines the two on a per-response
basis: F1; = (2- P, - R;)/(P; + R;). The final re-



ported F1 is the macro-average over all responses,
i.e., the arithmetic mean of individual F1 scores.

Evaluation of correctness. Following Zhang
et al. (2025), we ask GPT-4o to rate the response
against ground-truth answers via few-shot prompt-
ing (for LongBench-Chat) or zero-shot prompting
(for other datasets). The rating yields the LQAC
correctness score C. We also evaluate Cpga—the
correctness in the vanilla long-context QA setting
where the model receives only context and query
without any citation instruction. The correctness
ratio CR = C/Crga x 100% then quantifies the
impact of citation generation: CR > 100% in-
dicates improvement, while CR < 100% signals
degradation due to the added generation burden.

Models and baselines. We compare our training-
free method against three classes of citation gener-
ation approaches:

e In-context learning (ICL). We use the one-
shot LQAC prompt provided by Zhang et al.
(2025), which demonstrates the sentence-
level citation format with <statement> and
<cite> tags. We apply this prompt to
both proprietary model (GPT-40 (OpenAl,
2023)) and open-source instruct models
(Qwen2.5-7B-Instruct (Yang et al., 2024),
Qwen3-8B (Team, 2025), Llama-3.1-8B/70B-
Instruct (Team, 2024), DeepSeek-V4-Flash
(DeepSeek-Al, 2026)), asking them to gener-
ate answers with inline citations in a single
pass.

* Post-hoc method. We first generate answers in
the vanilla long-context QA setting (no cita-
tion instruction), then annotate citations retro-
spectively. We implement BGE-M3 match-
ing—using the BGE-M3 sentence encoder
(Chen et al., 2024) to retrieve semantically
similar source sentences for each generated
clause. This provides more robust similarity
matching than string-based methods, as it cap-
tures semantic paraphrasing and cross-lingual
alignment beyond surface-form overlap.

Fine-tuned models. We report LongCite-8B
(Zhang et al., 2025), which is Llama-3.1-8B
fine-tuned on 45K supervised LQAC instances
and generates citations as part of its output
sequence.

For our method, we apply the attention-based
readout pipeline to four model configurations:

Qwen2.5-7B-Instruct, Qwen3-8B, and Llama-3.1-
8B-Instruct (all using vanilla long-context QA
prompts, i.e., no citation instruction), as well as
LongCite-8B (using its native LQAC prompt). We
use greedy decoding and extract citations from
the top-1 citation head identified by the semantic
probing procedure in §3.2. Hyperparameters and
prompt templates for all methods are detailed in
Appendix B and Appendix C, respectively.

4.2 Main Results

Citation quality analysis. Table 1 presents cita-
tion quality results across all methods and models.
Baseline limitations. In-context learning
exhibits high variance across model capabili-
ties: smaller models (Qwen2.5-7B, Llama-3.1-8B)
achieve <25 F1, struggling with the added burden
of learning citation syntax alongside answer gener-
ation. In contrast, stronger models (GPT-4o0 at 65.6,
DeepSeek-V4-Flash at 64.6) perform substantially
better, yet still fall short of producing reliable fine-
grained attributions. Post-hoc BGE-M3 matching
provides more stable results (65.8—-68.2 F1) but hits
a clear ceiling, as it cannot exploit the generator’s
internal reasoning traces. Supervised fine-tuning
(LongCite-8B at 72.0 F1) unlocks reliable citation
generation but requires costly annotated data.

Our attention-based method dominates all
baselines with minimal overhead. Most critically,
our training-free attention readout achieves 82.7-
86.4 F1 across all four model configurations. For
the same model, compared to its strongest base-
line, our method achieves absolute gains ranging
from 14.4 points (LongCite-8B vs. its own gener-
ated citations at 72.0) to 17.8 points (Qwen3-8B
vs. post-hoc matching at 67.5). This demonstrates
that attention-derived citations are not merely rid-
ing on stronger base models; they extract a reliable
grounding signal that is universally present but pre-
viously underexploited. Case studies are detailed
in Appendix F.

Two findings merit particular emphasis. First,
applying our method to LongCite-8B yields a 14.4-
point improvement on F1 over the model’s own
generated citations. This indicates that even when
a fine-tuned model produces malformed or in-
accurate citation markers, its internal attention
may still faithfully track the true evidence. Sec-
ond, LongCite-8B under our readout outperforms
Llama-3.1-8B-Instruct under the same readout by
2.9 points, despite both using identical attention
aggregation. This suggests that LongCite’s super-



Model Avg. | Longbench-Chat | MultifieldQA HotpotQA Dureader GovReport
F1 R P F1 R P F1 R P F1 R P F1 R P F1

One-Shot Prompting (Proprietary model)

GPT-40 \ 65.6 \ 46.7 53.5 46.7 \ 79.0 87.9 80.6 \ 55.7 623 534 \ 65.6 742 674 \ 73.4 904 79.8

One-Shot Prompting (Open-source models)

Qwen2.5-7B-Instruct 2331192 11.8 10.7 | 379 37.0 342|113 123 92 |424 328 297|156 169 15.1

Qwen3-8B 56.9 [33.1 372 320|715 735 69.6|389 372 342|619 60.9 587|580 68.6 62.0

Llama-3.1-8B-Instruct | 19.7 | 14.1 19.5 12.4 |29.8 443 31.6|20.2 309 209|220 251 17.0|162 253 16.8

Llama-3.1-70B-Instruct | 40.4 | 25.8 32.0 23.2 |53.2 652 539 |29.6 373 28.6|38.2 460 354|534 775 60.7

DeepSeek-V4-Flash 64.6 | 653 533 532|772 739 724|599 575 535|748 7277 699]69.6 550 59.7

Post-hoc method (BGE-M3 matching)

Qwen2.5-7B-Instruct 65.8 1662 61.2 56.1 | 727 69.7 67.5]50.7 639 504|744 634 66.6|787 83.1 80.0

Qwen3-8B 67.5 1623 65.1 564|773 68.7 689 |50.1 755 556|739 61.1 650823 832 823

Llama-3.1-8B-Instruct | 68.0 | 68.8 62.2 60.0 | 78.7 67.6 685 |51.8 644 53.0|84.1 61.6 68.1]904 79.2 839

DeepSeek-V4-Flash 682 | 64.6 642 573|792 70.6 71.1|49.0 57.0 479 |84.8 63.6 70.6|823 857 83.6

Fine-tuned model

LongCite-8B \ 72.0 \ 62.0 79.7 674 \ 747 93.0 80.8 \ 59.2 72.1 603 \ 68.3 85.6 73.1 \ 74.0 86.6 78.5

Our attention-based method

Qwen2.5-7B-Instruct 82.7 169.5 73.3 69.6 | 86.2 90.4
Qwen3-8B 8531769 79.4 76.7 |90.9 93.6
Llama-3.1-8B-Instruct | 83.5 | 744 80.6 76.2 | 88.2 93.9
LongCite-8B 86.4 | 83.3 88.5 84.0 | 89.7 89.9

87.3]69.5 71.3 67.9 |84.6 90.0 86.7 | 84.6 943 88.9
91.3 | 78.7 77.7 76.6|79.9 87.4 83.0|823 951 87.9
90.0 | 713 79.1 73.3|78.4 85.1 80.9|80.6 95.0 86.7
89.2|83.6 794 787|835 88.1 85.1|88.5 948 911

Table 1: Citation recall (R), citation precision (P), citation F1 (F1), and citation length evaluated on LongBench-Cite
benchmark. Best and second-best results are bolded and underlined, respectively.

vised fine-tuning not only teaches citation format-
ting but also sharpens the model’s attention toward
relevant context, making the internal grounding
signal more accurate for downstream readout.

Dataset-level analysis reveals the advantage
of attention-based attribution on complex rea-
soning tasks. HotpotQA proves most challenging
for all baselines. The difficulty stems from Hot-
potQA’s demand for multi-hop reasoning—models
must combine, paraphrase, and infer from multi-
ple source sentences rather than verbatim copy-
ing localized passages. Both ICL and post-hoc
methods falter here because they lack access to
the model’s actual reasoning process. In contrast,
our method achieves 67.9-78.7 F1 on HotpotQA,
with gains of 7.4-58.7 points over ICL and 12.0-
23.2 points over post-hoc matching. By reading
citations from where the model actually attended
during multi-hop reasoning, we bypass the opac-
ity of paraphrased generation and recover the true
evidence-use trace. This advantage is less pro-
nounced on single-document QA datasets like Mul-
tiFieldQA, where evidence localization is simpler
and all methods perform more competitively.

Correctness analysis. Table 2 reports the cor-
rectness impact of adding citations. Column C
denotes the answer quality score under the LQAC
(long-context question answering with citations)
strategy, while column Cy,ga denotes the score un-
der the vanilla long-context QA strategy. For pro-
prietary, open-source, and fine-tuned models, these
two strategies are realized by varying the prompt,
instructing model to generate answers with or with-
out inline citation annotations. Most proprietary
and open-source models suffer correctness degra-
dation when forced to generate citations inline (CR
< 100%, red), consistent with the distribution-shift
hypothesis in Zhang et al. (2025). In contrast, the
fine-tuned LongCite-8B achieves CR = 107%, in-
dicating that supervised adaptation to the LQAC
format not only preserves but enhances generation
quality.

Our method occupies a unique position: it in-
curs zero modification to the model’s output
distribution. Since citations are read from at-
tention rather than generated as tokens, answer
remains unchanged regardless of whether cita-
tions are required or not. We test our method
under two prompt conditions: for Qwen2.5-7B-
Instruct, Qwen3-8B, and Llama-3.1-8B-Instruct,



Avg.

Model C ‘ Cros ‘ CR

Proprietary model

GPT-40 \ 69.4 \ 78.2 \ 88%
Open-source models

Qwen2.5-7B-Instruct 58.8 65.4 90%
Qwen3-8B 68.8 67.9 101%
Llama-3.1-8B-Instruct 52.1 60.2 86%
DeepSeek-V4-Flash 79.3 80.8 98%
Fine-tuned model

LongCite-8B \ 71.7 \ 67.6 \ 107%
Our method

Qwen2.5-7B-Instruct 654 654 100%
Qwen3-8B 67.9 67.9 100%
Llama-3.1-8B-Instruct 60.2 60.2 100%
LongCite-8B 71.7 71.7 100%

Table 2: Correctness in LQAC setting (C), correctness in
vanilla long-context QA setting (Cga), and correctness
ratio (CR) of different models on LongBench-Cite. We
mark the cases where adding citations improves/hurts
correctness (i.e., CR > 1/CR < 1) in green/red.

Settings | R | P | F1 | AF1(%)
Our Method ‘ 81.4 ‘ 86.4 ‘ 82.7 ‘ —
w/o entropy filtering | 74.8 | 87.6 | 78.9 —4.6
w/o sum aggregation | 76.1 | 82.0 | 77.4 —6.4

Table 3: Ablation study on Qwen2.5-7B-Instruct. We
report average citation recall (R), precision (P), and F1
on LongBench-Cite. AF1 denotes the relative F1 drop
compared to the complete method.

we use the vanilla long-context QA prompt (score
Crqa); for LongCite-8B, we use its native LQAC
prompt(score C).

4.3 Ablation Studies

Design choices. Table 3 isolates the contribution
of two core components on Qwen2.5-7B-Instruct.
Removing the peak—entropy filtering (§3.3) and us-
ing raw attention peaks drops F1 by 4.6%, primarily
due to a 6.6-point recall loss: without entropy regu-
larization, more functional clauses receive false ci-
tations. Replacing normalize-then-sum with mean—
mean aggregation drops F1 by 6.4%, with recall
falling from 81.4 to 76.1 and precision from 86.4
to 82.0. This confirms that mean pooling dilutes at-
tention mass over long evidence sentences, causing
the model to miss key citations while also slightly
degrading precision.

Qwen2.5-7B-Instruct

84 --- Top-1F1 =827

83 82.7

Avg. F1 Score

Top-1 Top-3 Top-5
Number of Citation Heads

Top-10

Figure 2: Effect of head ensemble size on citation F1
for Qwen2.5-7B-Instruct.

Head ensemble size. Figure 2 examines whether
averaging multiple top-ranked heads improves ro-
bustness. Contrary to ensemble intuition, using
Top-3, Top-5, or Top-10 heads monotonically de-
grades F1 from 82.7 to 81.2. The sparse nature
of retrieval heads (Wu et al., 2025) means that
lower-ranked heads carry non-grounding attention
patterns; their inclusion introduces noise that out-
weighs any variance-reduction benefit. This means
that the head with the highest score in citation head
identification stage is indeed more accurate in the
citation annotation task, validating our single-head
selection strategy.

5 Conclusion

We presented a training-free framework that reads
fine-grained citations from retrieval-head attention
instead of generating citation tokens. Through se-
mantic head probing, normalize-then-sum aggre-
gation, and peak-minus-entropy abstention, the
method turns internal evidence-use traces into
sentence-level attributions. On LongBench-Cite, it
achieves 82.7-86.4 F1 and consistently surpasses
prompting, post-hoc matching, and generated cita-
tions from fine-tuned models, while preserving the
original answer distribution. Future work can ex-
tend attention readout to richer head combinations
and broader long-context architectures.

Limitations

While our study focuses on validating the effective-
ness of calibration-driven LoRA merging across
representative instruction-tuned models and task
domains, several promising directions remain for
future exploration. First, the current framework



can be extended to a broader range of model fam-
ilies, adapter architectures, and larger expert col-
lections to further examine its scalability. Second,
the calibration signals used in this work may be
enriched with additional internal model statistics,
enabling more fine-grained allocation at different
layers, heads, or modules. Finally, beyond the eval-
uated benchmarks, future work may investigate
how such block-aligned merging strategies interact
with continual expert updates and deployment-time
efficiency constraints in practical multi-domain sys-
tems.
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Dataset | Source | Avg.Len | #Data

MultiFieldQA-en Multi-field 4,559 150
MultiFieldQA-zh Multi-field 6,701 200
HotpotQA Wikipedia 9,151 200
DuReader Baidu Search 15,768 200
GovReport Gov. Report 8,734 200
LongBench-Chat Real-world 35,571 50

Table 4: Dataset statistics in LongBench-Cite. Avg. Len denotes average words (English) or characters (Chinese).

Method | Threshold Meaning | Value
Post-hoc (BGE-M3) Cosine similarity of BGE-M3 embeddings 0.70
Our method Aggregated attention score — normalized entropy | —0.70
Our method w/o entropy filtering | Aggregated attention score 0.15

Table 5: Thresholds selected via linear search on the validation set.

A Dataset Details

LongBench-Cite statistics. Table 4 summarizes the five datasets in LongBench-Cite, including
MultiFieldQA-en/zh (Bai et al., 2024b), HotpotQA (Yang et al., 2018), DuReader (He et al., 2018),
GovReport (Huang et al., 2021) and LongBench-Chat (Bai et al., 2024a).

B Hyperparameters

We conduct a linear search for the optimal threshold on a validation set of 50 examples, which is a 1/20
subset of LongBench-Cite. The selected thresholds of all methods are reported in Table 5.

For the post-hoc BGE-M3 matching, we retrieve source sentences whose embedding cosine similarity
to the generated clause exceeds 0.70. For our method, under the peak-minus-entropy rule, a candidate
sentence j € J; must satisfy 1;; > —0.70 to be emitted as a citation; this negative threshold reflects the
trade-off between peak confidence and entropy regularization. When ablating the entropy term, the raw
aggregated attention score threshold is set to 0.15, which is substantially higher due to the lack of entropy
penalization.

C Prompt Templates

We use three distinct prompts for model inference across all experiments.

Vanilla long-context QA prompt. For the vanilla long-context QA strategy (Crqa), we use a simple
text-based question-answering prompt that instructs the model to answer based on the provided document
without any citation requirements.

LQAC one-shot prompt. For the LQAC strategy in ICL experiments, we adopt the one-shot prompt
provided by Zhang et al. (2025), which includes a demonstration example showing the sentence-level
citation format with <statement> and <cite> tags.

LQAC zero-shot prompt. For the fine-tuned LongCite-8B model, we use the same LQAC prompt
structure but remove the one-shot demonstration example, relying on the model’s fine-tuned capacity to
generate citations directly. It is consistent with the prompt template used in LongCite-45k training data.

The full text of each prompt is provided below.
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C.1 Vanilla long-context QA prompt

Vanilla long-context QA prompt

<book> [document text here] </book>

Based on the content of the book, answer the following question in detail.
Question: [question here]

Answer:

C.2 LQAC one-shot prompt

LQAC one-shot prompt (for ICL)

Please answer the user’s question based on the given document. When a factual statement S in your
response uses information from some chunks in the document (i.e., <C{sl}>-<C{el}>, <C{s2}>-
<C{e2}>, ...), please append these chunk numbers to S in the format "<statement>{S }<cite>[{s1}-
{el}][{s2}-{e2}]...</cite></statement>". For other sentences such as such as introductory sen-
tences, summarization sentences, reasoning, and inference, you still need to append "<cite></cite>"
to them to indicate they need no citations. You must answer in the same language as the user’s
question.

Here is an example:

[an example here]

Now get ready to handle the following test case.

[Document Start]

[document text here]

[Document End]

[Question]

[question here]

[Remind]

Please answer the user’s question based on the given document. When a factual statement S in your
response uses information from some chunks in the document (i.e., <C{sl}>-<C{el}>, <C{s2}>-
<C{e2}>, ...), please append these chunk numbers to S in the format "<statement>{S }<cite>[{s1}-
{el}][{s2}-{e2}]...</cite></statement>". For other sentences such as such as introductory sen-
tences, summarization sentences, reasoning, and inference, you still need to append "<cite></cite>"
to them to indicate they need no citations. You must answer in the same language as the user’s
question.

[Answer with Citations]

C.3 LQAC zero-shot prompt

LQAC zero-shot prompt (for LongCite-8B)

Please answer the user’s question based on the given document. When a factual statement S in your
response uses information from some chunks in the document (i.e., <C{sl}>-<C{el}>, <C{s2}>-
<C{e2}>, ...), please append these chunk numbers to S in the format "<statement>{S }<cite>[{s1}-
{el}][{s2}-{e2}]...</cite></statement>". You must answer in the same language as the user’s
question.

[Document Start]

[document text here]

[Document End]

[question here]
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Figure 3: Attention head score heatmaps for Qwen2.5-7B-Instruct. Left: Token-level needle-in-a-haystack probe
(Wu et al., 2025), scoring heads by verbatim copying accuracy. Right: Our semantic citation-head probe (§3.2),
scoring heads by sentence-level grounding. Darker colors indicate higher scores.

Rank | Head (Layer, Index)

(19, 15)
(22,7
(21, 5)
(16, 20)
(14, 0)
(16, 0)
(22, 1)
(19, 20)
(19, 17)
(19, 22)
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Table 6: Top-10 retrieval heads on Qwen2.5-7B-Instruct identified our semantic probing procedure.

D Citation Head Analysis

Comparison of probing methods. Figure 3 compares the attention head activation patterns of Qwen2.5-
7B-Instruct under two different probing paradigms. The left heatmap follows the verbatim needle-in-a-
haystack protocol from Wu et al. (2025), where heads are scored by token-level copying accuracy (i.e.,
whether the top-attended token matches the source token being reproduced). The right heatmap uses our
semantic probing procedure described in §3.2, which rewards attention to the entire evidence sentence
that semantically supports the generated clause.

Both methods reveal the sparse nature of citation-relevant heads: only a small fraction of all heads
exhibit strong grounding signals. Several heads are activated under both probes (e.g., head (22, 3)),
confirming that some citation heads do perform verbatim recall. However, the overall patterns differ
substantially—our semantic probe detects additional heads in upper layers that attend to paraphrased or
synthesized evidence, which the token-level probe misses.

Top citation heads. Table 6 lists the top-10 citation heads (layer index, head index) identified on
Qwen?2.5-7B-Instruct. Table 7 lists the top-1 citation head for each model in our experiments.

Intrinsic property of citation heads. Wu et al. (2025) establishes that retrieval heads are an intrinsic
property of the base model: they emerge from large-scale pretraining and remain stable through subse-
quent training stages (continued pretraining, SFT, RLHF). Their experiments show Pearson correlations
> 0.8 between base and chat variants of the same model family, while cross-family correlations are < 0.1.

We leverage this invariance for our experiments on LongCite-8B, which is fine-tuned from Llama-
3.1-8B. Since the retrieval head set remains unchanged through supervised fine-tuning (Wu et al., 2025),
we use the same top-1 citation head identified on the base Llama-3.1-8B-Instruct for LongCite-8B
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Model | Layer Index | Head Index

Qwen2.5-7B-Instruct 19 15
Qwen3-8B 23 10
Llama-3.1-8B-Instruct 13 18
LongCite-8B 13 18

Table 7: Top-1 citation head identified by our semantic probing procedure for each model.

Layer 19 Head 15 Attention for CO
(Steps 0-47, 47 tokens)

—— Attention Score

e o
S =
2 &

Avg Attention Score

e
2

M N , Lk

0,00 N WP PO 1 | N P N J

750 1000 1250 1500 1750
Input Token Position

Figure 4: Attention distribution of the top-1 citation head when generating a cited clause cg.

evaluation. This avoids re-probing the fine-tuned model and demonstrates that our method generalizes
across training stages without additional overhead.

E Attention Distribution Analysis

To verify that the selected citation head indeed tracks grounding evidence during inference, we visualize
its token-level attention distribution on real examples from the LongCite-45k dataset.

Case 1: Cited clause with concentrated attention. Figure 4 shows the attention distribution of the
top-1 citation head when generating a factual clause cg that requires citation. The x-axis denotes input
token positions, and the y-axis shows the average attention weight. Colored vertical bands mark sentence
boundaries in the source document. In this case, ¢y should cite the latter half of source sentence s15.
The attention vector exhibits a pronounced peak precisely over the token span of s12’s latter half, with
negligible attention mass on unrelated sentences. This confirms that the citation head localizes supporting
evidence with high spatial precision.

Case 2: Non-cited clause with diffuse attention. Figure 5 shows the attention distribution when
generating a functional clause c; that requires no citation. Although c5 lacks direct supporting evidence
in the source, the citation head still activates over multiple related sentences—but the attention mass is
diffuse across several locations rather than concentrated on a single span.

These two observations directly motivate the design choices in §3.3. First, for cases like cg where
only part of a sentence serves as evidence, our normalize-then-sum aggregation (Eq. 9) accurately
reflects the total attention mass projected onto each source sentence. A mean-aggregation alternative
would dilute the evidence-bearing tokens by averaging over the entire sentence span, making the citation
score sensitive to sentence length and causing the model to miss partial-sentence evidence. Second, the
contrast between Figures 4 and 5 validates the peak-minus-entropy criterion (Eq. 11). The cited clause
produces a peaked distribution with low entropy, yielding v;; > 7 and a confident citation; the functional
clause produces a diffuse distribution with high entropy, yielding 1);; < 7 and abstention. Without entropy
regularization, both cases might trigger citations based solely on attention magnitude, leading to false
positives on transitional sentences.
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Figure 5: Attention distribution of the top-1 citation head when generating a non-cited clause cs.

F Case Study

F.1 Multi-hop reasoning on HotpotQA

Table 8 presents a qualitative example from LongBench-Cite, illustrating how our attention-based citation
pipeline operates on a real query-context-response triple.

Query The Panel with striding lion was one of many that lined the way north of the gate to the inner city of what
location?

Context .
<c148>: "Passage 6: Ishtar Gate The Ishtar Gate was the eighth gate to the inner city of Babylon (in

the area of present-day Hillah, Babil Governorate, Iraq)." ,
<c149>: "It was constructed circa 575 BCE by order of King Nebuchadnezzar II on the north side of the
city.",
<c150>: "It was part of a grand walled processional way leading into the city.",
<c151>: "The original structure was a double gate with a smaller frontal gate and a larger and more grandiose
secondary posterior section.",

<c155>: "History King Nebuchadnezzar II reigned 604-562 BCE, the peak of the Neo-Babylonian Empire.",

<c444>: "Passage 8: Panel with striding lion The Panel with striding lion (MA 31.13.1) is a panel of
Neo-Babylonian glazed ceramic bricks or tiles dated to 604-562 B.C., now in the Metropolitan Museum of
Art, New York.",

<c445>: "It was one of many that lined the Processional Way north of the Ishtar Gate." ,

<c446>: "It was excavated by R. Koldewey in 1902, and at the Staatliche Museen zu Berlin from 1926,
before coming into the possession of the Met in 1931.A large group of such figures is part of the Processional
Way leading to the Ishtar Gate, a centrepiece display of the Pergamon Museum in Berlin.",

Response The Panel with striding lion was one of many that lined the way north of the gate to the inner city of Babylon.
(our method) [148][149][445]

Response The Panel with striding lion was one of many that lined the way north of the gate to the inner city of Babylon.
(Posthoc) [no citation]

Response <statement> The Panel with striding lion was one of many that lined the way north of the gate to the inner
(ICL) city of Babylon. <cite>[149-151][155-155] </cite></statement>

Table 8: Qualitative example from LongBench-Cite on Qwen3-8B.

This table demonstrates a case from the HotpotQA subset of LongBench-Cite, evaluated on Qwen3-8B
under our method, one-shot in context learning, and post-hoc BGE-M3 matching. The query asks about
the location of the Panel with striding lion, with the correct answer being Babylon. All three methods
produce the correct answer, yet their citation annotations differ substantially.

This case exemplifies a 2-hop reasoning problem: the model must first locate the Panel with striding
lion at the Ishtar Gate (corresponding to source sentences c444—c446), then trace the Ishtar Gate to the
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city of Babylon (corresponding to c148—c149). The core evidence supporting the final answer is c148
and c445.

Our method correctly identifies all three supporting sentences (c148, c149, c445), capturing both hops
of the implicit reasoning chain. Although the model does not explicitly output its reasoning path, the
attention signal faithfully reflects which context tokens were accessed during answer generation.

Post-hoc BGE-M3 matching fails to emit any citation. Because the response involves summarization
and synthesis, no single source sentence exhibits sufficient semantic similarity to the generated clause,
causing the similarity threshold to filter out all candidates.

ICL prompting produces an incorrect citation span. While the answer itself is correct, the model
self-generates [149-151]1[155-155], which misses the critical c148 (establishing Babylon as the city)
and c445 (linking the lion panel to the Ishtar Gate), while incorrectly including c155 (irrelevant historical
background).

F.2 Attention-grounded vs. self-generated citations on LongCite-8B

Table 9 demonstrates a case where our attention readout corrects a spurious self-generated citation from
LongCite-8B. For the same generated clause, we compare the citation produced by the model’s own
output token against the citation recovered from our attention-based pipeline.

Query The 53rd National Hockey League All-Star Game took place at the indoor arena that was completed in what
year?

Context .
<c47>: "Passage 3: 53rd National Hockey League All-Star Game The 2003 National Hockey League
All-Star Game took place on February 2, 2003 at Office Depot Center in Sunrise, the home of the
Florida Panthers.",

<c238>: "Passage 8: BB&T Center (Sunrise, Florida) FLA Live Arena (previously known as the National
Car Rental Center, Office Depot Center, BankAtlantic Center, and BB&T Center) is an indoor arena located
next to Sawgrass Mills in Sunrise, Florida.",

Response Based on the passage, the 53rd National Hockey League All-Star Game took place at the Office Depot
(our method) Center in Sunrise, Florida, which was completed in 1998. [47] ......

Response <statement> Based on the passage, the 53rd National Hockey League All-Star Game took place
(response) at the Office Depot Center in Sunrise, Florida, which was completed in 1998. <cite> [238-238]
</cite></statement> ......

Table 9: Qualitative example from LongBench-Cite on Longcite-8B.

For the clause stating that the game took place at the Office Depot Center, the model’s self-generated
citation points to ¢238, which merely describes the arena’s current name and location without mentioning
the All-Star Game. This is a spurious citation: while semantically related to the arena, it provides no
direct evidence for the specific claim.

In contrast, our attention readout identifies c47 as the supporting source. This sentence explicitly
states that “The 2003 National Hockey League All-Star Game took place ... at Office Depot Center
in Sunrise”, directly grounding the generated clause. The attention signal thus reveals that the model
internally attended to the correct evidence during generation, even though its surface-form citation output
was erroneous.

This case supports our hypothesis that LongCite’s supervised fine-tuning teaches citation formatting
(producing «cite» tags) more effectively than it teaches accurate grounding. The internal attention trace
provides a more faithful signal of evidence use than the model’s own citation tokens, suggesting that
attention-based readout can serve as a lightweight verification layer even for fine-tuned citation models.
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