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Abstract

Large vision-language models increasingly rely
on long-context modeling to reason over doc-
uments, hour-level videos, and long-horizon
agent trajectories, requiring them to locate rel-
evant evidence across interleaved text and im-
ages. Prior work has studied this behavior us-
ing retrieval heads in large language models,
but its copy-based criterion does not directly
apply when evidence appears in images. We
introduce a multimodal retrieval head detec-
tion method that scores attention from ques-
tion tokens to textual or visual evidence. With
this method, we show that multimodal retrieval
heads are sparse, intrinsic, and causally im-
portant: only 4.4–10.2% of attention heads ac-
count for 50% of the positive retrieval-score
mass, and masking the top-5% selected heads
reduces performance on two tasks from MM-
LongBench by 42.5 and 62.3 percentage points,
while random-head masking is far less damag-
ing. Further analysis shows that these heads
are partly shared across modalities yet remain
dynamic within each modality, with image re-
trieval heads changing more than text retrieval
heads as context length and haystack modal-
ity change. Without further training, we find
that these heads can also be used directly to
rank visually rich documents: on MMDocIR,
Qwen3-VL-8B selected-head scoring improves
Recall@1 by 7.7/7.4 macro/micro points for
page retrieval and 6.3/6.8 points for layout re-
trieval over the strongest reported baseline.1

1 Introduction

Recent long-context vision-language models
(LCVLMs) extend the context window to inter-
leaved text-image inputs with tens to hundreds
of thousands of tokens (Bytedance Seed, 2026c,b;
Gemma Team, 2025), enabling applications over
long visually rich documents (Wang et al., 2025),

*Equal contribution.
1Code and data are available at https://github.com/

HKUST-KnowComp/MMRetHead.
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Figure 1: Removing multimodal retrieval heads causally
disrupts MM-NIAH text- and image-needle retrieval.
We evaluate Qwen3-VL-8B (Bai et al., 2025a) on MM-
NIAH (Wang et al., 2024b) across multiple context
lengths and needle depths.

hour-level videos (Fu et al., 2025), and long-
horizon agent trajectories (Geng et al., 2026). Ef-
fective use of such long multimodal contexts re-
quires locating task-relevant evidence across inter-
leaved text and images. In large language models
(LLMs), this evidence-location behavior has been
studied through retrieval heads, where Wu et al.
(2025b) identifies attention heads that copy answer
spans from needle token-by-token during Needle-
in-a-Haystack tasks (NIAH, Kamradt, 2023).

However, in multimodal prompts, the evidence
may be encoded visually rather than as prompt text,
such as in charts, tables, or photos. The LVLMs
may therefore use visual evidence to generate the
answer without copying any text span from the
prompt, so the copy-paste criterion may not directly
apply in this setting.

To identify retrieval heads in LVLMs, we intro-
duce multimodal retrieval heads (MMRetHeads),
defined as attention heads that have a high aver-
age question-to-evidence attention mass. For each
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head, we compute this score by summing the post-
softmax attention from each question token to all
tokens within the annotated needle spans, and then
averaging the resulting mass over question tokens
(Sec. 3.2). These evidence spans may correspond
to text tokens or images mapped to visual tokens.
We use the MM-NIAH (Wang et al., 2024b) task
from MMLongBench (Wang et al., 2025) to de-
tect multimodal retrieval heads, which comprises
four distinct tasks (i.e., text retrieval, image re-
trieval, rendered-text retrieval, and identical-image
retrieval) with standardized context lengths for con-
trolled experiments (Sec. 3.1). Each example con-
sists of a long interleaved text-image haystack con-
taining many distractor passages or images and a
single question-relevant needle, the evidence item
needed to answer the question.

We characterize the behavior of retrieval heads in
LVLMs and identify the following core properties.
Sparsity (Sec. 4): we find that a very small frac-
tion of heads accounts for the vast majority of the
retrieval score mass. Causality (Sec. 5): ablating
these sparse heads severely degrades multimodal
long-context retrieval and downstream reasoning,
causing the model to hallucinate evidence or explic-
itly state that the needed context is missing, while
zeroing out random heads has minimal impact.
Preservation (Fig. 4): we show that high-scoring
multimodal retrieval heads are largely identical to
those in their respective base models, suggesting
these mechanisms are inherited from pretraining
rather than developed during subsequent vision-
language adaptation. Modality specificity and dy-
namic adaptation (Sec. 6): we find that text and
image modalities share a common set of retrieval
heads, while also relying on distinct, modality-
specific ones; this division of labor dynamically
adapts to the evidence format, for example, OCR-
like evidence in rendered-text retrieval predomi-
nantly recruits text-retrieval structures despite the
input being visually encoded.

We further demonstrate the causality and util-
ity of our identified multimodal retrieval heads by
applying them to solve multimodal document re-
trieval tasks (Sec. 7). We evaluate both page re-
trieval, where candidates are document pages and
the goal is to rank the page containing the evi-
dence, and layout retrieval, where candidates are
finer-grained regions within pages, and the goal is
to rank the evidence region. For each candidate
page or layout region, we aggregate question-to-
candidate attention through the retrieval heads by

summing post-softmax attention from question to-
kens to candidate tokens, averaging over question
tokens, and then averaging over heads. Using this
score to rank candidates, the retriever outperforms
strong reported baselines on both tasks.

2 Related Work

Retrieval heads in language models. Prior work
shows that attention heads can implement vari-
ous language-model functions, including in-context
completion via induction heads (Olsson et al.,
2022) and repeated-token modulation via copy-
suppression heads (McDougall et al., 2024). Re-
cent work (Wu et al., 2025b) detects retrieval
heads using copy-paste behavior (i.e., literal to-
ken matching) during answer generation. How-
ever, such behavior may not generalize to broader
long-context tasks beyond literal matching (Modar-
ressi et al., 2025); other work therefore detects re-
trieval heads directly from attention scores (Zhang
et al., 2025). In this work, we study whether sim-
ilar attention-score-based retrieval heads can be
detected in LVLMs when the needle is visual.

LVLM attention and interpretability. For
LVLMs (Bytedance Seed, 2026a; Xiaomi LLM-
Core Team, 2025), attention scores have been used
to analyze cross-modal alignment, grounding, and
hallucination (Aflalo et al., 2022; Huang et al.,
2024; Wu et al., 2025a), though raw attention is
not by itself a causal explanation (Jain and Wal-
lace, 2019; Serrano and Smith, 2019). In this work,
we study retrieval heads in LVLMs by examining
whether specific attention heads concentrate atten-
tion from task-question tokens to annotated multi-
modal needles.

Multimodal long-context and retrieval. Re-
cent work on long-context vision-language mod-
els (Wang et al., 2026) has introduced compre-
hensive evaluations spanning multimodal doc-
ument VQA (Wang et al., 2025), multimodal
NIAH (Wang et al., 2024b), and long-term
memory (Ren et al., 2026), such as MMLong-
Bench (Wang et al., 2025). For multimodal docu-
ment VQA, prior work often uses retrieval modules
to score candidate pages or passages (Robertson
and Zaragoza, 2009; Karpukhin et al., 2020; Izac-
ard et al., 2022; Khattab and Zaharia, 2020; Ma
et al., 2024; Faysse et al., 2025). In contrast, we
ask whether an LVLM’s multimodal retrieval heads
can directly rank candidate pages or layout units.
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3 Detecting Multimodal Retrieval Heads
3.1 Detection data

MM-NIAH (Wang et al., 2024b) provides a
multimodal counterpart to text-only needle-in-
a-haystack tasks (Kamradt, 2023), evaluating
whether LVLMs can retrieve needles from long
webpage-based haystacks with interleaved text
and images. Here, we use the reprocessed ver-
sion of MM-NIAH from MMLongBench (Wang
et al., 2025), which standardizes context lengths for
tighter control across the 8K–128K settings. In our
setting, the haystack is the full multimodal context,
consisting of many distractor texts or images. The
needle is the single task-relevant evidence inserted
at a controlled depth in that context. An LVLM is
then asked a query whose answer requires retriev-
ing this needle. Specifically, we use text and image
retrieval from MM-NIAH, covering both textual
and visual needles.

In text retrieval, the needle is a short factual text
snippet, such as "The beacon over the hill is a light-
house," hidden among multimodal distractors, and
the model must answer the question, such as “What
is the beacon over the hill?” In image retrieval, the
visual needle is an image embedded inside a larger
haystack image, and the model must match it to the
correct candidate option image. We further intro-
duce a new rendered-text retrieval task and identi-
cal image retrieval variants to separate OCR-like
text retrieval and visual presence/absence verifica-
tion. In rendered-text retrieval, the same text needle
used in the text retrieval task is rendered into an im-
age, allowing us to test whether visually encoded
text recruits text-like or image-like retrieval heads.
In identical image retrieval, the needle image is no
longer embedded in another haystack image, and
the model must determine whether it appears in
the haystack, further covering OCR scenarios and
augmenting the image-retrieval setting.

3.2 Attention-Based Retrieval Score

We define multimodal retrieval heads (MMRet-
Heads) as attention heads with a high average
question-to-evidence attention mass.

We write each example as x = (C, q,Gx),
where C is the long interleaved text-image con-
text serving as the haystack, q is the task query,
and Gx = {gi}mx

i=1 is the set of task-relevant needle
spans, with gi = (si, ei) denoting a token interval
in the tokenized context. As shown in Fig. 2, we
define an attention-based retrieval score for each at-

tention head by aggregating attention from question
tokens to tokens inside all task-relevant evidence
spans:

Sh(x) =
1

|q|
∑

tq∈q

∑

gi∈Gx

ei∑

t=si

Ah
tq→t, (1)

where Ah denotes the model’s post-softmax atten-
tion score for attention head h.

Then, we average the retrieval score for each at-
tention head over all examples. We use this formula
following prior work on QRHead (Zhang et al.,
2025), but adapt it to multimodal long-context in-
puts and show that it can identify MMRetHeads in
subsequent sections.

3.3 Null-Question Calibration

In practice, Chen et al. (2025) show that raw at-
tention scores may contain question-independent
biases, with certain tokens or input positions receiv-
ing high attention scores regardless of the question.
Following this work, we also use null-question cal-
ibration to measure the change in attention caused
by the actual question.

Specifically, we keep the same haystack and
evidence spans as the original example, but re-
place the task question with an uninformative null
question q∅, implemented as the fixed text string
“N/A” in the same prompt slot. For x = (C, q, g),
Snull
h (x) denotes the score computed on x∅ =

(C, q∅, g). Then, the calibrated score is computed
as Scal

h (x) = Sh(x)− Snull
h (x).

We additionally evaluate the effect of alternative
null-prompt wordings and find that they have min-
imal impact on the resulting head rankings; full
results are reported in Appendix D.

3.4 Implementation Details

We detect MMRetHeads across six LVLMs:
Qwen2.5-VL (7B, 32B) (Bai et al., 2025b), Qwen3-
VL (8B, 32B) (Bai et al., 2025a), Gemma3 (12B,
27B) (Gemma Team, 2025). For each model,
we run the four MM-NIAH tasks at five context
lengths: 8K, 16K, 32K, 64K, and 128K. Each de-
tection condition uses 20 unique question-evidence
examples, with each item evaluated at 6 needle-
depth positions. Each detection condition there-
fore contains 120 evaluation instances. We pro-
vide full details of the sample-size stability tests
in Appendix C. Attention heads are ranked by cal-
ibrated retrieval scores, and the top 5% of heads
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Q: What value is stated for the 1858 entry?

Figure 2: Schematic of MMRetHead detection. For each attention head, we score the post-softmax attention from
question tokens to annotated task-relevant evidence spans. These evidence spans may correspond to text tokens or
visual tokens, allowing the scoring framework to detect retrieval heads across multimodal inputs.

are selected for the following experiments. Se-
lecting the top 5% follows the ratio reported in
prior work (Wu et al., 2025b). Since Gemma3
models (Gemma Team, 2025) use hybrid attention
with sliding-window attention, we consider only
global-attention layers that can perform long-range
retrieval.

4 Basic Properties of MMRetHeads

We first test whether MMRetHeads exhibit three
basic properties established in prior retrieval head
work: sparsity, intrinsicity, and dynamic activation
(Wu et al., 2025b).

Sparsity We define a sparsity metric as the mini-
mum fraction of heads required to explain 50% of
the positive calibrated retrieval score mass. Cali-
brated scores can be negative when the null ques-
tion attends more to the evidence spans than the
task question, so this metric focuses on positive
excess question-induced attention. The score-mass
sparsity metric is:

ρ0.5 =
1

|H| min

{
k :

k∑

i=1

s(i) ≥ 0.5
∑

h∈H
sh

}
,

where H is the full model attention-head set and
sh = max(s̄h, 0). s̄h is the calibrated detection-set
average, and s(1) ≥ · · · ≥ s(|H|) are sorted positive
score masses.

Fig. 3 confirms that MMRetHeads are sparse:
averaged over all context lengths, only 4.4–10.2%
of attention heads account for 50% of the positive
score mass across tested LVLMs and MM-NIAH
tasks. Additional Head Score distributions and
descriptive statistics are reported in Appendix D.

Intrinsicity Wu et al. (2025b) show that retrieval
heads are largely established during pretraining,
with later SFT producing only minor changes.

Qwen2.5
7B Qwen2.5

32B Qwen3
8B Qwen3

32B Gemma3
12B Gemma3

27B

Text

Image

Rendered text

Identical image

5.8 5.2 5.6 4.4 6.1 4.4

7.8 8.3 6.7 6.0 6.6 5.0

6.4 6.6 7.2 5.4 7.2 5.1

10.2 7.9 8.2 5.3 8.0 8.0

Figure 3: Retrieval-score mass concentration. Each cell
shows the percentage of heads needed to cover 50% of
positive calibrated retrieval mass; darker cells indicate
stronger concentration.

Here, we test both Qwen3-VL-8B and Gemma3-
12B to verify whether this claim still holds for
LVLMs. For Qwen3, we test whether text retrieval
heads are preserved during multimodal adaptation
by comparing Qwen3-8B (Yang et al., 2025) with
Qwen3-VL-8B (Bai et al., 2025a). For Gemma3,
we test intrinsicity more directly by comparing
pretrained Gemma3-12B-PT with instruction fine-
tuned Gemma3-12B-IT (Gemma Team, 2025). To
support text-only Qwen3-8B, we use 128 examples
from Natural Questions (Kwiatkowski et al., 2019)
following the QRHead (Zhang et al., 2025).

Fig. 4 and Fig. 14 show that high-scoring text
retrieval heads remain concentrated at the same
layer/head locations: 46 of 58 Qwen3-VL-8B top-
5% heads and 34 of 39 Gemma3-12B-IT top-5%
heads are shared with their preceding versions.
This high intersection indicates that text retrieval
heads are intrinsic, being preserved through vision-
language adaptation in Qwen3-VL-8B and instruc-
tion tuning in Gemma3-12B rather than newly
formed during later adaptation.

Dynamic activations Prior work (Wu et al.,
2025b) has shown that retrieval heads are dynami-
cally activated, with some heads appearing only in
specific contexts and others appearing consistently
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Figure 4: Top-5% text-retrieval heads in Qwen3-VL-8B.
Blue heads are preserved from Qwen3-8B, while orange
heads newly enter the top-5% set after vision-language
training. We also show the effect of SFT on Gemma3-
12B in Appendix G.
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Figure 5: Context-length sensitivity of retrieval-head se-
lection. Curves show the overlap between top-5% heads
selected at 8K and those selected at longer contexts,
averaged over six LVLMs. We find that image-retrieval
heads are less stable.

across contexts. Here, we examine context length
as one factor driving this variation in MMRetHeads.
Fig. 5 shows a substantial decrease in intersection
heads detected in short and long-context settings.
At 128K, only 60% of image retrieval heads, 70%
of identical-image retrieval heads, 71% of text re-
trieval heads, and 76% of rendered-text retrieval
heads remain shared with the head set detected at
the 8K setting. This suggests that retrieval head
selection is context-length sensitive, with image
retrieval heads showing the largest change across
lengths. Furthermore, Fig. 6 shows a clear layer-
distribution change between heads detected only at
8K setting and heads detected only at 128K setting
of image retrieval. The heads unique to the 8K set-
ting are concentrated more in earlier layers, with a
mean layer of 33.1, whereas the heads unique to the
128K setting shift toward later layers, with a mean
layer of 52.4. This suggests that shorter-context
retrieval can rely more on earlier representations,
while longer-context retrieval may require repre-
sentations that have undergone more layer-wise
processing.

5 Causal Role in Multimodal NIAH,
Long-Context, and Reasoning Tasks

We remove the detected attention heads from
LVLMs by applying a zero mask to their post-
softmax attention weights, and evaluate whether
retrieval performance degrades. We apply the mask
during both prompt prefill and answer decoding be-
cause this setting causes much stronger degradation
than decode-only masking, indicating that retrieval
also occurs while the model processes the haystack
and question before generation. We provide more
detail of this in Appendix E. We mainly present re-
sults on Qwen3-VL-8B. We first intervene in MM-
NIAH, where synthetic examples provide known
evidence spans and controlled context lengths, then
test whether the detected heads remain important
beyond the detection setting by masking them on
Long Document VQA and multimodal reasoning
benchmarks.

5.1 Head Masking on MM-NIAH

Causal effects on MM-NIAH. Fig. 1 summa-
rizes MM-NIAH causal masking results for Qwen3-
VL-8B across context lengths and evidence depths.
For each task, we mask the top 5% retrieval heads
detected at the 128K context length, which corre-
sponds to 58 heads for Qwen3-VL-8B.

We use the top-5% masking threshold because
masking only the top 1% retains considerable re-
trieval capability, whereas masking the top 10%
produces substantially more repetitive outputs, in
which the model repeats the same phrase or char-
acters until the token limit. Complete results and
examples are reported in Appendix F.

As a control, we mask 58 randomly chosen atten-
tion heads. In both text and image retrieval settings,
masking retrieval heads causes severe retrieval fail-
ures across all context-length and needle-depth set-
tings, showing that the detected heads are causally
important rather than only correlated with evidence
locations.

To further verify that the causal effect is spe-
cific to the detected heads, we additionally use a
layer-matched control in which random heads are
sampled to match the layer distribution of the de-
tected retrieval heads. This control remains less
degrading than detected-head masking. Following
prior information-flow analysis (Wang et al., 2023),
we also perform a path-specific intervention that
selectively blocks attention paths from evidence
tokens to question and decoded-response tokens
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Figure 6: Layer distribution of Qwen3-VL-32B image-
retrieval heads at 8K and 128K. Blue heads are shared;
orange and green mark 8K- and 128K-specific heads;
context-specific heads show different layer distributions.

while leaving the remaining computation of the
detected heads intact. This path-specific masking
also causes substantial degradation on both text and
image retrieval, indicating that the detected heads
mediate retrieval-related information flow rather
than only general computation. Full results are
reported in Appendix F.

Cross-length causal transfer. Fig. 5 shows that
the retrieval head sets detected at different con-
text lengths only partially intersect. We therefore
ask whether this context-length variation weak-
ens their causal role, or whether heads detected at
one length remain functionally important at other
lengths. Fig. 7 shows that the causal effect transfers
in both directions. On the long context tasks, from
100K to 131K, masking either the 8K-detected
heads reduces image retrieval accuracy to 0.0%,
and reduces text retrieval accuracy to 9.1%. Con-
versely, on the shorter context tasks (8K to 35K),
masking the 128K-detected heads degrades both
image and text retrieval accuracy to 0.0%. These re-
sults show that, although the selected head sets vary
with context length, heads detected at one length
can remain causally important at other lengths.

5.2 Long-Document VQA Masking

We next evaluate Long Document VQA using
the 128K context-length MMLongBench-Doc and
SlideVQA subsets from MMLongBench (Wang
et al., 2025). We mask the union of retrieval heads
detected from the four MM-NIAH tasks introduced
in Sec. 3.1, using their 128K detection settings.
Fig. 8 shows that masking these retrieval heads
sharply reduces MMLongBench-Doc score from
48.2% to 5.7% and SlideVQA score from 71.2%
to 8.9%. In contrast, masking randomly chosen
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Figure 7: Cross-length causal transfer. Masking heads
detected at 8K or 128K degrades MM-NIAH perfor-
mance across other context lengths, showing that re-
trieval heads remain causally important beyond their
detection length.

attention heads is less damaging, leaving scores of
32.2% and 52.6%, respectively. These results show
that retrieval heads identified in controlled MM-
NIAH tasks remain causally important on Long
Document VQA tasks beyond the detection setting.

5.3 Reasoning Benchmark Masking

For broader downstream masking, we evaluate
Qwen3-VL-8B on MMMU (Yue et al., 2024),
MMMU-Pro (Yue et al., 2025), MathVision (Wang
et al., 2024a), and MathVista (Lu et al., 2024). We
mask the union of retrieval heads detected from the
four 128K MM-NIAH task settings in Sec. 3.1. We
also compare direct-answer prompting with chain-
of-thought (CoT) prompting (Wei et al., 2022).

As shown in Fig. 9, masking MMRetHeads
causes much larger accuracy drops than masking
randomly chosen heads. Across the four bench-
marks, direct-answer accuracy drops by an average
of 24.3 points, while CoT accuracy drops by an
average of 38.8 points, showing that heads detected
on controlled MM-NIAH tasks remain causally
important for downstream multimodal reasoning.
Furthermore, the larger CoT drop suggests that
multi-step reasoning relies more heavily on re-
peated grounding, though it may also reflect longer
masked-decoding trajectories. With CoT prompt-
ing, the model outputs intermediate reasoning, al-
lowing us to inspect failure modes when retrieval
heads are masked. We find several recurring fail-
ures. Some failures indicate disrupted access to the
relevant evidence. For example, in an MMMU-Pro
thermodynamics problem, the masked model states
that there is “Not enough information provided”
even though the needed diagram is included in the
prompt. In other cases, it hallucinates supporting
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Figure 8: Causal effect on 128K Long Document VQA
category of MMLongBench. Masking retrieval heads
detected on 128K MM-NIAH degrades MMLongBench-
Doc and SlideVQA far more than random masking.

content or extracts the wrong information. Prompt-
output examples are provided in Appendix B.

6 Modality-Specific Retrieval Head

We test whether MMRetHeads are shared across re-
trieval tasks by measuring the intersection between
the detected head sets for text and image retrieval,
and for text and rendered-text retrieval. For two
top-5% head sets HA and HB of equal size, we
report their intersection as |HA ∩HB|/|HA|, i.e.,
the fraction of heads in one set that also appear in
the other. The ratio is symmetric in A and B, since
|HA| = |HB|,

We then test whether retrieval heads are sensitive
to the modality ratio of the haystack. For this analy-
sis, we use the MM-NIAH text retrieval and image
retrieval tasks, preserve the answer-bearing needle
entries, and vary only haystack. Text are grouped
into units of esimated 500 tokens using a character-
length heuristic, where one token is approximated
four characters, while each image is treated as one
unit. Vision-token counts are model-dependent:
Gemma3 uses roughly 256 vision tokens per image,
while Qwen3-VL and Qwen2.5-VL use dynamic
image tokenization, with averages of about 209 and
270 vision tokens per image in our sampled compo-
sition runs, respectively. We then sample 128 units
per example and set the target image-unit ratio to
0, 0.1, 0.2, or 0.4, corresponding to 0, 13, 26, or 51
image units out of 128.

Text and image retrieval use partially distinct
heads. Fig. 10 shows that text and image retrieval
heads are partially shared but not identical. Across
six LVLMs and five context lengths, the intersec-
tion between the top-5% text and image retrieval
head sets ranges from 0.18 to 0.64, with an average
intersection of 0.51. This suggests both modality-
agnostic and modality-specific retrieval heads.

Direct CoT
0

20

40

60

80

A
cc

ur
ac

y 
(%

)

39.3

22.7

51.9 54.3

MMMU

Direct CoT

19.1

9.5

35.4 37.3

MMMU-Pro

Direct CoT
0

20

40

60

80

A
cc

ur
ac

y 
(%

)

25.7
19.8

57.1 59.9

MathVista

Direct CoT

8.6 8.4

22.7
26.3

MathVision

No masking Retrieval heads Random heads

Figure 9: Qwen3-VL-8B accuracy on multimodal rea-
soning. We compare no masking, retrieval head mask-
ing, and random head masking across direct-answer and
CoT prompting. Masking our retrieval heads causes
substantially larger accuracy drops.

Rendered-text retrieval preserves text-retrieval
structure. Fig. 10 also shows that rendered-text
retrieval is much closer to text retrieval than to
ordinary image retrieval. Across six LVLMs and
five context lengths, text/rendered-text head inter-
section ranges from 0.5 to 0.92, with an average
intersection of 0.79. This is much higher than the
0.51 average intersection between text and image
retrieval. This suggests that retrieval heads are sen-
sitive not only to the raw input channel, but even
more to the content being retrieved.

Haystack text-image ratio induces modality-
aware head dynamics. Fig. 11 shows that re-
trieval head selection is sensitive to the text-image
ratio of the haystack. As images make up a larger
share of the haystack, with the image ratio increas-
ing from 0 to 0.4, the intersection with the head
set detected in the all-text haystack decreases for
both text and image retrieval. The decrease is much
larger for image retrieval. When the image ratio is
0.4, the mean intersection across the three models is
0.87 for text retrieval, and 0.72 for image retrieval.
This pattern suggests that the detected heads de-
pend not only on the target evidence modality but
also on the haystack’s modality. For image re-
trieval, the stronger decrease in intersection sug-
gests that the model recruits more modality-specific
heads when haystack images create additional vi-
sual noise.
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7 Multimodal Document Re-Ranking

We apply the selected retrieval heads to multimodal
document re-ranking, where the goal is to rank can-
didate pages or layout regions by whether they con-
tain the evidence needed to answer a question, and
find that this method outperforms strong baselines.

Method and Calibration Given a selected re-
trieval head set Hsel, a question q, and candi-
date units D = {di}ni=1, we compute a retrieval
score by aggregating question-to-candidate atten-
tion through the selected heads.

For re-ranking, Hsel is the union of the top-5%
head sets detected on the four MM-NIAH tasks:
text retrieval, image retrieval, rendered-text re-
trieval, and identical-image retrieval.

We define the retrieval head score R(di | q;Hsel)

for candidate units di as:

R =
1

|Hsel|
∑

h∈Hsel

1

|q|
∑

tq∈q

∑

td∈di
Ah

tq→td
. (2)

We also apply the null-question calibration in this
experiment. Candidate units are then ranked using
the null-calibrated retrieval score as a relevance
metric (Chen et al., 2025).

Re-Ranking Performance Multimodal docu-
ment re-ranking requires retrieving evidence from
visually rich documents whose evidence may ap-
pear as rendered text, images, or layout-dependent
structure. For example, in a manual, answering
a question may require interpreting an illustrated
step, while in a research report, the relevant evi-
dence may be a reported percentage in a chart.

To construct a retriever, we use the selected re-
trieval heads in Qwen3-VL-8B and Gemma3-12B,
detected at 128K context length. We evaluate our
LVLM-based retriever on MMDocIR (Dong et al.,
2025) at both the page and layout levels. Page-level
retrieval ranks document pages, while layout-level
retrieval ranks detected layout elements within
pages, such as text blocks, headings, equations,
tables, figures, or charts, using bounding-box ev-
idence annotations. To keep inputs within the
LVLM context window, we cap page retrieval at
200 pages per forward pass, scoring each 200-page
group separately for longer documents; for layout
retrieval, we cap each forward pass at 50 images.

As shown in Table 1, the retriever built from
Qwen3-VL-8B selected retrieval heads achieves
the best MMDocIR performance among the com-
pared methods at both page and layout levels.2 For
page retrieval, the retriever reaches 64.7 macro and
64.5 micro Recall@1, improving over the strongest
reported baseline, Col-Phi3, by 7.7 and 7.4 per-
centage points, respectively. For layout retrieval, it
reaches 39.0 macro and 39.3 micro Recall@1, im-
proving over the strongest reported baseline, Col-
Pali, by 6.3 and 6.8 percentage points. Full Re-
call@k results are provided in Table 2. These re-
sults show that attention from the selected retrieval
heads provides a usable relevance signal for realis-
tic multimodal document retrieval.

Finally, to test whether the gains come from se-
lected retrieval heads rather than generic LVLM
attention, we add a baseline where all attention

2Recall@1 measures whether the top-ranked candidate
contains the annotated evidence; macro Recall@1 averages
across domains, micro across all questions.
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Method
Macro
R@1

Micro
R@1

∆ vs.
baseline

Page-Level

DSEwiki-ss 48.0 47.5 –
DSEdocmatix 50.2 50.1 –
ColPali 53.0 52.7 –
DPR-Phi3MMDocIR 54.1 53.7 –
Col-Phi3MMDocIR 57.0 57.1 –
All-head 61.8 61.2 +4.8/+4.1
MMRetHeads (ours) 64.7 64.5 +7.7/+7.4

Layout-Level

DSEwiki-ss 28.2 29.2 –
DSEdocmatix 27.9 29.1 –
ColPali 32.7 32.5 –
DPR-Phi3MMDocIR 29.5 30.2 –
Col-Phi3MMDocIR 31.1 31.6 –
All-head 36.3 37.2 +3.6/+4.7
MMRetHeads (ours) 39.0 39.3 +6.3/+6.8

Table 1: MMDocIR Recall@1 summary. We eval-
uate our retriever built on Qwen3-VL-8B and report
macro/micro Recall@1 for page- and layout-level re-
trieval, with deltas against the strongest reported base-
line. We compare with thirteen strong baselines in Ap-
pendix A. MMRetHeads achieves the best performance
in both settings.

heads are used to compute retrieval scores. For
Qwen3-VL-8B, aggregating all attention heads still
outperforms the strongest listed page baseline, but
selected retrieval heads improve over all-head atten-
tion by 2.9 macro Recall@1 points and 3.2 micro
Recall@1 points, with smaller gains at Recall@3
and Recall@5.

8 Conclusions

This work shows that LVLMs contain multimodal
retrieval heads, a compact set of attention heads
whose question-to-evidence attention identifies rel-
evant multimodal evidence. These heads are sparse
and dependent on context length and modality, and
partly shared across text and image retrieval. Mask-
ing retrieval heads causally disrupts Long Docu-
ment VQA and downstream multimodal reason-
ing. Beyond intervention, we show that those mul-
timodal retrieval heads are also useful for down-
stream tasks: aggregating selected-head attention
provides a strong retriever for ranking visually rich
documents. Overall, we hope this work provides a
useful lens for studying multimodal long-context
and inspires more interpretability study of LVLMs.

Limitations

Our analysis uses attention scores as a proxy for
retrieval-oriented heads. Masking shows strong

behavioral effects, but a full circuit-level account
would also need to test MLPs, residual-stream path-
ways, and non-selected heads.

Detected head sets may depend on context
length, detection dataset, and language. The MM-
NIAH tasks cover only English examples up to
128K context length. They also do not cover all
real multimodal retrieval settings, such as dense
documents, OCR-heavy pages, charts, diagrams,
or multi-image reasoning. The analysis covers two
decoder-only LVLM families with vision-token in-
puts, so the findings may not generalize to cross-
attention LVLMs, other tokenizers, or different vi-
sion encoders.

The retrieval head-based retriever requires ac-
cess to internal attention weights and can be more
expensive than embedding-based retrieval because
it runs LVLM forward passes over candidate con-
text. Our evaluation does not fully test latency,
memory cost, or index-time/query-time trade-offs.
In settings with many repeated queries over a fixed
corpus, embedding or late-interaction retrievers are
likely to remain preferable. Future work should
compare deployment cost and retrieval quality di-
rectly.

Ethical Considerations

This paper utilizes several publicly available
datasets, including MM-NIAH (Wang et al.,
2024b), MMLongBench (Wang et al., 2025), Natu-
ral Questions (Kwiatkowski et al., 2019), MMMU
(Yue et al., 2024), MMMU-Pro (Yue et al., 2025),
MathVision (Wang et al., 2024a), MathVista (Lu
et al., 2024), and MMDocIR (Dong et al., 2025),
which are accessible to the research community un-
der MIT, MIT, CC BY-SA 3.0, Apache 2.0, Apache
2.0, MIT, CC BY-SA 4.0, and Apache 2.0 licenses,
respectively. All data are derived from previously
released open-source benchmarks, and we use them
solely for non-commercial research evaluation in
accordance with their respective terms. The data
do not contain personally identifying information
beyond what is already public in the source cor-
pora, so our work does not raise additional privacy
concerns regarding specific entities.

Our experiments involve the use of Qwen2.5-VL
(Bai et al., 2025b), Qwen3-VL (Bai et al., 2025a),
and Gemma3 (Gemma Team, 2025), released under
the Apache 2.0, Apache 2.0, and Gemma Terms of
Use, respectively, so the same risks from LVLM
research are also applicable to this work.
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A MMDocIR Detailed Retrieval Results

A.1 Full Recall@k results

We provide the full MMDocIR page- and layout-
level Recall@k results in Table 2.

A.2 Domain Breakdown

We provide the MMDocIR domain-level Recall@1
results in Table 3.

B Downstream Failure Case Prompts and
Outputs

We provide representative prompt-output examples
for downstream failure cases. Image payloads are
represented as <image>. Outputs are excerpts from
Qwen3-VL-8B CoT generations under masking of
the selected multimodal retrieval heads; bracketed
notes mark author truncation.

B.1 Reporting Lack of Information

MMMU-Pro:
validation_Energy_and_Power_25

Prompt.

A gas-turbine power plant operates on the simple Brayton cycle
between the pressure limits of 100 and 1600 kPa. The working
fluid is air, which enters the compressor at 40°C at a rate of
850 m^3/min and leaves the turbine at 650°C. Using variable
specific heats for air and assuming a compressor isentropic
efficiency of 85 percent and a turbine isentropic efficiency of
88 percent, determine (1) the net power output and (2) the back
work ratio.<image>

Options:
A. (1) 6200 kW, (2) 0.516
B. (1) 6100 kW, (2) 0.526
C. (1) 6081 kW, (2) 0.536
D. (1) 6150 kW, (2) 0.556
E. (1) 5900 kW, (2) 0.456
F. (1) 6001 kW, (2) 0.436
G. (1) 6000 kW, (2) 0.546
H. (1) 6050 kW, (2) 0.446
I. (1) 6181 kW, (2) 0.536

Output.

The question appears to be asking for a step-by-step solution
to a thermodynamics problem involving a Brayton cycle with
variable specific heats and efficiencies. However, the provided
text does not contain enough information to determine the exact
answer without additional context or clarification.

The problem involves calculating the net power output of a gas
turbine engine, which requires knowing the specific heat
capacities, the temperature difference between the inlet and
outlet, and the efficiency of the turbine. Without more
information, it is not possible to determine the exact value of
the net power output.

Therefore, the answer is: Not enough information provided.

Final Answer: Not enough information to determine the exact
value of the net power output.

The masked model treats visually supplied problem
data as missing, producing an abstention-style an-
swer despite the diagram being part of the prompt.

B.2 Rejecting the Provided Options

MMMU: validation_Pharmacy_27
Prompt.

The manufacture of compound F requires five separate chemical
reactions. The initial reactant, compound A, is converted to
compound B, compound B is converted to compound C, and so on.
The diagram below summarizes the steps in the manufacture of
compound F, including the percent yield for each step. Provide
the missing quantities or missing percent yields. Assume that
the reactant and product in each step react in a one-to-one
mole ratio. <image>

Options:
A. 20.0%,0.50 mol,0.05 mol,20.0%
B. 30.0%,0.50 mol,0.05 mol,20.0%
C. 40.0%,0.50 mol,0.05 mol,20.0%
D. 50.0%,0.50 mol,0.05 mol,20.0%

Output.

None of the options provided are correct. The question is
asking for the percent yield of a reaction, which is not
directly related to the given information. The percent yield is
calculated by dividing the actual yield by the theoretical
yield and multiplying by 100. In this case, the actual yield is
0.50 mol, and the theoretical yield is 1.00 mol. Therefore, the
percent yield is 50%. The correct answer is 50%.

Final Answer: 50%

The masked model extracts a partial calculation but
loses the option-grounded structure of the visual
reaction chain.

B.3 Wrong Information Extraction

MathVista: testmini_494
Prompt.

Hint: Please answer the question requiring an integer answer
and provide the final value, e.g., 1, 2, 3, at the end.
Question: Move the ruler to measure the length of the line to
the nearest centimeter. The line is about (_) centimeters long.
<image>

Output.

The question seems to be asking for a measurement based on a
ruler or scale, but the provided text does not contain enough
information to determine the length of the line segment. The
line is too short to be measured accurately, and the ruler is
not long enough to measure the entire length of the line.
Therefore, the answer is 0 cm.

Final Answer: 0 cm

The masked model fails to ground the measurement
request in the image and invents a textual reason
for returning zero.

B.4 Hallucinated Evidence

MathVision: test_1656
Prompt.

James wrote a different integer from 1 to 9 in each cell of a
table. He then calculated the sum of the integers in each of
the rows and in each of the columns of the table. Five of his
answers were 12, 13, 15, 16 and 17, in some order. What was his
sixth answer? <image>

Output.
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Page method Scoring Macro Micro

R@1 R@3 R@5 R@1 R@3 R@5

DPR VLM-text 27.2 46.3 57.8 26.9 46.2 57.8
ColBERT VLM-text 45.8 64.9 72.3 44.9 64.8 72.3
BGE VLM-text 40.6 59.7 68.4 39.6 59.6 68.5
E5 VLM-text 40.8 60.3 69.1 39.5 59.3 67.9
Contriever VLM-text 40.9 60.6 69.2 39.7 59.7 68.3
GTE VLM-text 38.9 58.7 67.6 37.9 58.3 67.2
DSEwiki-ss Image 48.0 70.6 78.5 47.5 71.4 79.2
DSEdocmatix Image 50.2 71.4 79.5 50.1 71.8 80.1
ColPali Image 53.0 74.7 80.8 52.7 75.0 81.0
DPR-Phi3MMDocIR Image 54.1 73.5 81.1 53.7 74.3 81.8
Col-Phi3MMDocIR Image 57.0 76.3 82.2 57.1 76.8 83.0
Qwen3-VL-8B all-head attention LVLM attn. 61.8 81.2 87.5 61.2 81.2 87.7
Gemma3-12B all-global attention LVLM attn. 49.4 71.0 78.6 50.0 70.8 78.9

Qwen3-VL-8B selected heads LVLM attn. 64.7 83.8 88.9 64.5 83.6 88.9
Gemma3-12B selected heads LVLM attn. 51.8 73.4 80.2 52.4 73.4 80.7

Layout method Scoring Macro Micro

R@1 R@5 R@10 R@1 R@5 R@10

DPR VLM-text 19.3 39.8 49.5 19.2 40.4 50.5
ColBERT VLM-text 31.3 54.4 61.9 31.4 56.0 63.7
BGE VLM-text 28.3 51.8 60.3 29.0 53.2 62.4
E5 VLM-text 26.7 51.1 60.4 26.4 51.8 61.2
Contriever VLM-text 28.3 51.7 60.4 28.9 53.0 62.2
GTE VLM-text 26.1 51.3 60.7 27.1 52.3 62.2
DSEwiki-ss Image 28.2 50.2 58.5 29.2 52.1 61.1
DSEdocmatix Image 27.9 49.8 57.5 29.1 51.9 59.9
ColPali Image 32.7 54.0 62.0 32.5 54.3 63.2
DPR-Phi3MMDocIR Image 29.5 51.6 60.2 30.2 53.9 62.8
Col-Phi3MMDocIR Image 31.1 52.3 61.1 31.6 54.5 63.3
Qwen3-VL-8B all-head attention LVLM attn. 36.3 64.2 73.3 37.2 66.3 75.9
Gemma3-12B all-global attention LVLM attn. 25.6 51.6 61.8 24.2 50.9 63.1

Qwen3-VL-8B selected heads LVLM attn. 39.0 64.9 74.2 39.3 67.1 76.6
Gemma3-12B selected heads LVLM attn. 28.2 55.2 64.7 27.6 55.2 66.1

Table 2: Full MMDocIR page and layout Recall@k results under macro domain averaging and micro query
averaging. Baseline rows are reported numbers from the MMDocIR benchmark paper; selected-head and all-head
rows are our runs. Bold marks the best direct retrieval or attention row.

Domain
Page

best baseline
Page

Qwen3-VL-8B
Layout

best baseline
Layout

Qwen3-VL-8B

Research report 58.9 61.5 23.4 36.4
Admin/industry 51.8 60.3 22.1 32.2
Tutorial/workshop 58.6 65.1 37.5 40.9
Academic paper 61.3 70.3 35.2 42.0
Brochure 57.3 63.6 28.9 29.3
Financial report 50.7 56.3 32.1 34.3
Guidebook 63.8 68.8 24.1 33.0
Government 61.3 71.7 52.6 49.4
Laws 64.4 72.3 54.5 52.3
News 54.0 56.9 44.5 40.1

Table 3: MMDocIR domain-level Recall@1. “Best baseline” is the strongest non-selected-head baseline among the
MMDocIR rows; “Qwen3-VL-8B” is the selected-head retriever.

We are told that James wrote down the numbers 1 through 9 in a
3x3 grid, and then computed the sum of the numbers in each row,
column, and diagonal. The problem asks for the sum of the
numbers in the diagonals.

Let’s denote the grid as follows:

Row 1: 1, 2, 3, 4, 5, 6, 7, 8, 9

Row 2: 10, 11, 12, 13, 14, 15, 16, 17, 18

Row 3: 19, 20, 21, 22, 23, 24, 25, 26, 27

[Output continues by hallucinating many additional rows and
values not present in the prompt.]
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The masked model fails to stay grounded to the
visual table, expanding a 1–9 grid into invented
rows and values.

B.5 Declaring Inconsistencies

MathVision: test_2714
Prompt.

Two congruent squares, $ABCD$ and $PQRS$, have side length
$15$. They overlap to form the $15$ by $25$ rectangle $AQRD$
shown. What percent of the area of rectangle $AQRD$ is shaded?

<image>

Output.

The problem as stated contains inconsistencies and lacks
clarity. Let’s break this down carefully.

We are told that two congruent rectangles, each of area 100,
are placed side by side, and their total area is 200. The
question is asking for the area of the shaded region, which is
the union of the two rectangles.

But wait — this is not possible. The shaded region is the union
of the two rectangles, and the total area is 100. So the shaded
area is 100.

But that’s not right. Let’s go back.

Actually, the problem is asking for the area of the shaded
region, which is the area of the rectangle minus the area of
the unshaded region.

[Output continues with repeated restarts and inconsistent
inferred quantities.]

The masked model loses the geometric constraints
from the figure and repeatedly reinterprets the
shapes and areas.

B.6 Asking for More Information

MathVision: test_1989
Prompt.

Lancelot has drawn a closed path on a cuboid and unfolded it
into a net. Which of the nets shown could not be the net of
Lancelot's cuboid? <image>

Options:
A. A
B. B
C. C
D. D
E. E

Output.

None of the provided options match the description. The
question seems to be asking for a net of a cube or rectangular
prism, but the options are not clearly defined. Please provide
more context or clarify the question.

The masked model behaves as if the option images
were unavailable, asking for clarification rather
than selecting among the visual candidates.

C Detection stability of 20-sample subsets

We report detection-stability results across indepen-
dent 20-sample subsets in Table 4.

Task Qwen3-VL-8B Gemma3-12B

Text 94.83% 92.31%
Image 85.06% 96.58%
Rendered-text 94.83% 98.29%
Identical image 94.83% 95.73%

Table 4: Detection stability across independent 20-
sample subsets. For each task and model, we select
the top-5% heads from three disjoint detection subsets,
compute the three pairwise selected-head overlaps, and
report the mean overlap percentage.

For image retrieval, the full head rankings from
the two disjoint subsets have a Spearman corre-
lation of 0.986. Moreover, 94.4% of heads that
cross the top-5% cutoff in only one subset remain
within the top 7% in the other, indicating that
most selected-set disagreement reflects small rank
changes near the cutoff.

D Head Score Distributions and
Calibration Robustness

Head Score distributions. Fig. 12 shows the
sorted Head Score distributions. Across mod-
els and tasks, the distributions are strongly right-
skewed, with most of the score mass concentrated
in a small fraction of attention heads.

Head Score distribution statistics. Table 5 re-
ports the maximum, mean, variance, and quartiles
of the Head Scores for each model–task pair, aver-
aged over all context lengths.

Alternative null prompts. To assess sensitivity
to the choice of null prompt, we tested multiple
null questions and found that they had minimal im-
pact on the ranking order for image retrieval with
Qwen3-VL-8B. As shown in Table 6, the four alter-
native null prompts retain 57–58 of the top 58 heads
selected using “N/A,” with Spearman correlations
between 0.9986 and 0.9994.

E Decode-only and Prefill-Plus-Decode
Masking Comparison

We compare decode-only and prefill-plus-decoding
masking in Fig. 13.

F Additional Masking Sensitivity and
Controls

Top-percent masking sensitivity and repetitive
outputs. To examine why we use the top-5%
masking threshold, we additionally mask the top
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Figure 12: Sorted Head Score distributions. For each model–task pair, Head Scores are sorted and normalized
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Figure 13: Decode-only versus prefill-plus-decoding
masking on controlled MM-NIAH. Bars show mean
accuracy under top-58 retrieval-head masking, averaged
across the same context-length and needle-depth grid
used in Fig. 1. The stronger degradation under prefill-
plus-decoding masking indicates that retrieval heads are
important during prompt processing, not only during
answer generation.

1%, 5%, and 10% of image-retrieval heads during
both prefill and decoding on MMLongBench-Doc.
As shown in Table 7, masking only the top 1% re-
tains considerable retrieval capability, indicating
that this threshold is insufficient to include all re-
trieval heads. In contrast, masking the top 10%
produces substantially more repetitive outputs, sug-
gesting that this threshold begins to affect heads
that are not retrieval-specific. These results support
the use of the top-5% threshold.

Example 1.

Question: What does the second rung of the ladder of causation
refer to?
Answer: Intervention.
Model prediction: The second rung of the ladder, which is the
"Rung 2"... is the "Rung 2" of the causal ladder. This rung
represents the "Rung 2" of the causal ladder, which is the
"Rung 2" of the causal ladder...

Example 2.
Question: What was the percentage shortfall in Japan's GDP
growth from 2002 to 2023 compared to the forecast?
Answer: Not answerable.
Model prediction:
0.000000000000000000000000000000000000000000000000...

Layer-matched random control. To control for
the layer distribution of the selected heads, we sam-
ple random heads that match the layer distribu-
tion and number of the detected image-retrieval
heads while excluding the detected heads. As
shown in Table 8, accuracy under layer-matched
random masking remains substantially higher than
under detected-head masking. This confirms that
the degradation is caused by the detected retrieval
heads rather than their layer locations alone.

Path-specific masking. Following prior
information-flow analysis (Wang et al., 2023), we
additionally perform a path-specific intervention
by selectively blocking attention paths carrying
information from evidence tokens to question and
decoded-response tokens during both prefill and
decoding, while leaving the remaining computation
of the detected heads intact. As shown in Table 9,
this intervention causes substantial performance
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Model Task Maximum Mean Variance Q1 Median Q3

Qwen2.5-VL 7B Text retrieval 0.30029 0.01807 0.00201 0.00002 0.00289 0.01524
Qwen2.5-VL 7B Rendered-text retrieval 1.77344 0.04341 0.01479 0.00000 0.00564 0.04579
Qwen2.5-VL 7B Identical-image retrieval 0.62422 0.05171 0.00896 0.00000 0.00979 0.07270
Qwen2.5-VL 7B Image retrieval 0.37588 0.00534 0.00057 0.00000 0.00071 0.00594
Qwen2.5-VL 32B Text retrieval 0.41895 0.01708 0.00190 0.00007 0.00249 0.01284
Qwen2.5-VL 32B Rendered-text retrieval 0.48828 0.03027 0.00407 0.00003 0.00520 0.02852
Qwen2.5-VL 32B Identical-image retrieval 0.69922 0.04753 0.00819 0.00001 0.00555 0.05215
Qwen2.5-VL 32B Image retrieval 0.15596 0.00748 0.00022 0.00000 0.00146 0.00906
Qwen3-VL 8B Text retrieval 0.41641 0.02523 0.00335 0.00006 0.00265 0.02131
Qwen3-VL 8B Rendered-text retrieval 0.50664 0.04570 0.00804 0.00000 0.00334 0.04689
Qwen3-VL 8B Identical-image retrieval 0.67188 0.04965 0.00860 0.00000 0.00470 0.06328
Qwen3-VL 8B Image retrieval 0.09653 0.00412 0.00009 0.00000 0.00000 0.00446
Qwen3-VL 32B Text retrieval 0.46289 0.01937 0.00255 0.00002 0.00179 0.01243
Qwen3-VL 32B Rendered-text retrieval 0.57109 0.03320 0.00586 0.00000 0.00208 0.02314
Qwen3-VL 32B Identical-image retrieval 0.76719 0.03825 0.00830 0.00000 0.00117 0.02507
Qwen3-VL 32B Image retrieval 0.14004 0.00486 0.00012 0.00000 0.00017 0.00441
Gemma3 12B Text retrieval 0.29648 0.01223 0.00091 0.00011 0.00223 0.01179
Gemma3 12B Rendered-text retrieval 0.42227 0.02527 0.00288 0.00000 0.00742 0.02692
Gemma3 12B Identical-image retrieval 0.42070 0.01912 0.00155 0.00000 0.00410 0.02236
Gemma3 12B Image retrieval 0.07510 0.00485 0.00012 0.00000 0.00000 0.00407
Gemma3 27B Text retrieval 0.35469 0.01088 0.00105 0.00000 0.00073 0.00753
Gemma3 27B Rendered-text retrieval 0.52539 0.02087 0.00275 0.00000 0.00392 0.01930
Gemma3 27B Identical-image retrieval 0.42773 0.01627 0.00117 0.00000 0.00246 0.01955
Gemma3 27B Image retrieval 0.08643 0.00425 0.00013 0.00000 0.00000 0.00046

Table 5: Descriptive statistics of the Head Scores for each model–task pair, averaged over all context lengths.
Variance is the population variance.

Null prompt Overlap ρ

No specific question is provided here. 58/58 0.9986
This is a placeholder query with no information. 58/58 0.9989
This query is intentionally unrelated to the document. 58/58 0.9988
alpha bravo charlie delta echo foxtrot 57/58 0.9994

Table 6: Top-58 overlap and Spearman correlation of
Qwen3-VL-8B image-retrieval head rankings under al-
ternative null prompts relative to “N/A” at 128K context.

Condition Accuracy Repetitive output

Top 1% 23.31% 1.04%
Top 5% 9.99% 6.35%
Top 10% 3.33% 28.41%

Table 7: Accuracy and repetitive-output rates under top-
1%, top-5%, and top-10% image-retrieval-head masking
on MMLongBench-Doc.

Masking condition Masked heads Accuracy

Baseline 0 55.00%
Random mask 58 35.70%
Layer-matched random 58 22.84%
Detected image-retrieval heads 58 0.00%

Table 8: Qwen3-VL-8B image-retrieval accuracy on
MM-NIAH under random, layer-matched random, and
detected-head masking.

degradation on both text- and image-retrieval
tasks. These results provide evidence that the
detected heads contribute through retrieval-related
information flow rather than as general-purpose
computation.

This intervention can only be applied when the

Task No mask
Top-58 path-specific

masking

Text retrieval 100.00% 20.62%
Image retrieval 55.00% 0.00%

Table 9: Text- and image-retrieval accuracy under path-
specific masking of the top 58 detected retrieval heads.

specific evidence spans are known. We therefore
retain the general head-masking intervention used
in the main paper.

G Additional Results on the Intrinsic
Properties of Retrieval Heads

We show the intrinsic property of the multimodal
retrieval heads of Gemma3-12B in Fig. 14.

H Computational Resources and Model

We use Qwen2.5-VL (7B, 32B) (Bai et al., 2025b),
Qwen3-VL (8B, 32B) (Bai et al., 2025a), Gemma3
(12B, 27B) (Gemma Team, 2025). All experiments
were conducted on NVIDIA A100 GPUs.

I Implementation Details

We use the Hugging Face Transformers library to
load all evaluated LVLM checkpoints and to access
per-head post-softmax attention weights, which
form the basis of our retrieval-score computation,
head masking, and re-ranking pipelines. Model
weights, tokenizers, and preprocessing follow each
checkpoint’s default Hugging Face configuration;
no additional fine-tuning or training is performed.
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Figure 14: Top-5% text-retrieval heads in Gemma3-
12B-IT. Blue heads are preserved from Gemma3-12B-
PT, while orange heads newly enter the top-5% set after
vision-language training.

J Declaration of LLM Usage

We used LLMs as writing assistants for paper pol-
ishing and routine refactoring of plotting scripts: (i)
prose passes for clarity and concision; (ii) LaTeX
formatting suggestions; and (iii) minor refactoring
of plotting scripts. LLMs were not used to design
experiments, derive theoretical results, or generate
numerical results.
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