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Abstract. While many tasks require reasoning across multiple images,
open-source Large Multimodal Models (LMMs) remain unreliable in
these settings. We analyze multi-image LMMs and identify a phenomenon
we term attention fragmentation: in each image, tokens at similar back-
ground locations act as attention sinks, absorbing disproportionate at-
tention. Causal masking further skews this effect, as earlier images ac-
cumulate more sink attention than later images. Using an entropy score
over per-image attention, we find that visual focus remains highly dis-
persed across images rather than isolating key evidence. By applying
Pinsker’s inequality, we establish a theoretical bound showing that this
high-entropy dispersion, combined with stronger early-image sinks, strictly
reduces the usable non-sink attention available to earlier images, pro-
viding a mechanistic link to image order sensitivity. Motivated by this
diagnosis, we propose Attention Remasking (AR), a post-training edit
that blocks sink keys and opens a sparse set of cross-image links, routing
the recovered attention to task-relevant tokens. AR improves accuracy
and reduces order sensitivity across multi-image benchmarks, narrowing
the gap between open-source LMMs and leading commercial models.
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1 Introduction

Humans easily draw insight from multiple images, whether comparing photos of
similar items [20,22], browsing social media posts [31,32], or following visual in-
structions [17,23]. Motivated by these natural use cases, recent Large Multimodal
Models (LMMs) have begun to accept multiple images via visual tokens, enabling
reasoning across images rather than treating each in isolation [4, 9, 12, 33, 36].
Researchers have introduced multi-image evaluation benchmarks that test skills
such as comparison, retrieval, scene and temporal understanding, and descrip-
tion writing [12,14,30,40]. Despite progress in modeling multiple images, recent
benchmark evaluations reveal a substantial performance gap between proprietary
and open-source models, with even state-of-the-art systems struggling to achieve
robust comprehension. For instance, on MMIU [16], our evaluation of Gemini 3
⋆ Corresponding author. Email: di.zhao@auckland.ac.nz

https://orcid.org/0009-0000-8396-673X
https://orcid.org/0009-0003-7304-8849
https://orcid.org/0009-0006-8252-6744
https://orcid.org/0009-0004-1986-2409
https://orcid.org/0000-0002-9210-7651
https://orcid.org/0000-0001-7083-9088
https://orcid.org/0000-0001-7256-4049


2 T. Qiao et al.

Fig. 1: Attention Fragmentation. In multi-image LMMs, attention concentrates on
attention sink tokens recurring in similar background positions in each image, with
stronger sinks in earlier images. This diverts attention from task-relevant cues and
fragments cross-image focus.

Pro yields only 68% average accuracy, whereas open-source models consistently
hover below 56%, indicating that integrating information across images remains
a key challenge.

Current multi-image LMMs often interleave visual tokens with text in a sin-
gle decoder sequence, so each query attends over a mixture of image and text
keys under a causal mask [9, 12]. As shown in Fig. 1, we observe a consistent
failure pattern in this setting: attention repeatedly concentrates on tokens at
similar background locations in each image. These tokens attract a significant
amount of attention, distracting the model from task-relevant visual cues. This
corresponds to attention sinks, a structural adaptation to softmax normalization
that stores excess attention scores without contributing to value computation [7].
Causal masking then makes the effect asymmetric across images: as earlier im-
ages are visible to more downstream queries, they accumulate a higher sink
attention share than later images. Our entropy-based analysis of per-image at-
tention mass reveals that attention often remains dispersed across images in late
layers, rather than shifting toward the image that contains decisive evidence.
By applying Pinsker’s inequality to bound the deviation from a uniform atten-
tion distribution, we mathematically establish that this high-entropy dispersion,
combined with stronger early-image sinks, strictly reduces the usable non-sink
attention available to earlier images. This provides a mechanistic account of
recency bias and image-order sensitivity, in which later images disproportion-
ately influence predictions and answers change with image order [28]. We refer
to this compound issue as attention fragmentation, a phenomenon that limits
multi-image understanding in current LMMs.

To address this phenomenon, we propose Attention Remasking (AR). AR
first masks the identified sink tokens to prevent them from absorbing further
attention. To enable cross-image relationships that are otherwise blocked by
causal masking, AR then selectively relaxes the mask, permitting forward atten-
tion from earlier queries to subsequent visual tokens. To determine exactly which
forward links should be opened, we draw on recent mechanistic studies showing
that LMMs naturally ground text instructions to visual patches in their earli-
est layers [37, 38]. Because this shallow-layer attention occurs before deep-layer
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fragmentation sets in, it provides an uncorrupted map of task-relevant regions.
Building on this insight, AR leverages the LMM’s own first-layer attention to
identify key visual tokens related to the text instruction. We use this native
grounding to isolate a sparse set of highly relevant visual tokens across the im-
ages. Finally, AR actively routes the attention mass recovered from the blocked
sinks directly into these newly unmasked, task-relevant links. By neutralizing
sinks and dynamically bridging the causal gap, AR restores cross-image focus
and reduces fragmentation.

Our contributions are as follows: (1) We identify attention fragmentation in
multi-image LMMs: we demonstrate empirically and theoretically how recurring
background attention sinks and causal masking jointly distort attention alloca-
tion, providing a mechanistic account of weak cross-image binding and recency
bias. (2) We propose Attention Remasking (AR), a lightweight, training-free
attention edit. AR blocks sink keys and opens a sparse set of task-relevant cross-
image links guided by the LMM’s early-layer attention patterns, providing a
fully self-contained routing mechanism. (3) Extensive evaluations across multi-
image benchmarks show that AR consistently improves accuracy and reduces
order sensitivity compared to existing baselines, narrowing the performance gap
between open-source LMMs and leading proprietary models.

2 Related Work

Multi-image understanding. Recent large multimodal models process multi-
ple images by interleaving visual and text tokens into a single causal sequence
with a shared attention space [6, 9, 12, 15, 27, 33, 41, 42]. To evaluate these capa-
bilities, benchmarks such as MMIU [16], MuirBench [30], and MIRB [40] pro-
vide comprehensive coverage of comparison, retrieval, multi-hop reasoning, and
spatial-temporal integration tasks. Beyond evaluation, recent training-free meth-
ods aim to mitigate multi-image processing failures directly at inference time.
For instance, SoFA [28] addresses positional bias by interpolating causal and
bidirectional attention via a weighting hyperparameter. Similarly, recent work
mitigates cross-image information leakage by scaling the hidden states of delim-
iter tokens to reinforce intra-image interactions [11].
Attention dynamics in LMMs. Attention sinks are high-activation tokens
that absorb surplus attention despite lacking semantic utility [7]. Recent work
shows they emerge during LLM pretraining, correlate with massive activations
in a few hidden dimensions, and store surplus attention rather than useful
signals [7]. In single-image LMMs, sinks often cluster on background patches,
prompting post-hoc attention redistribution [10]. Conversely, shallow layers ex-
hibit strong natural grounding, effectively aligning text with relevant visual
patches before deep-layer semantic drift occurs [37, 38]. Our work bridges these
dynamics in multi-image LMMs: we demonstrate how position-skewed sinks frag-
ment deep-layer attention, and we leverage the uncorrupted early-layer ground-
ing to explicitly route this trapped mass to task-relevant cross-image links.
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3 Preliminaries

Attention mechanism. We consider a decoder-based Large Multimodal Model
(LMM) with L layers and hidden width D. An input consists of text and M
images, tokenized into a single sequence of length N . For each image m ∈
{1, . . . ,M}, let Vm ⊂ {1, . . . , N} be the indices of its visual tokens, and let
V =

⋃M
m=1 Vm be the set of all visual-token indices. Let T ⊂ {1, . . . , N} denote

the text-token indices. The j-th input token to the layer ℓ is xℓ−1
j ∈ RD, and

the stacked states form Xℓ−1 ∈ RN×D. Queries and keys are computed in the
standard way, Qℓ = Xℓ−1W ℓ

Q and Kℓ = Xℓ−1W ℓ
K , with W ℓ

Q,W
ℓ
K ∈ RD×dk and

key dimension dk. The attention score matrix is

Zℓ =
QℓKℓ⊤

√
dk

+ Mcausal, (1)

where Mcausal ∈ RN×N is the causal mask with Mcausal, i,j = −∞ for i < j and
0 otherwise. Row-wise softmax yields attention weights

αℓ
i,j = softmax

(
Zℓ
i,:

)
j
,

∑
j≤i

αℓ
i,j = 1. (2)

Attention sinks. Prior work reports that Transformer models can allocate
large attention to tokens with little semantic value, a behavior termed attention
sink, and attributes it to unusually large activations in a small set of hidden
dimensions together with the softmax normalization [7]. In LLMs, sinks often
occur at fixed positions such as the first token; in LMMs, they appear on visual
background tokens [10]. To identify visual sink tokens, we follow the dimension-
based criterion used in previous literature [7, 10]. Let Dsink ⊂ {1, . . . , D} be
the indices of potential sink dimensions. We estimate per-dimension statistics
by passing the calibration corpus to the LLM, for each d ∈ Dsink; let µd and σd

denote the mean and standard deviation of the d-th hidden coordinate measured
on the calibration corpus [26]. For any hidden state x ∈ RD, define the sink score

ϕ(x) = max
d∈Dsink

x[d]− µd

σd
. (3)

A token is flagged as a sink at layer ℓ if its previous-layer state satisfies ϕ
(
xℓ−1
j

)
≥

τ , where τ is the threshold used in sink-identification work. For image m, the
set of visual sink tokens at layer ℓ is

Sℓ
m =

{
j ∈ Vm : ϕ

(
xℓ−1
j

)
≥ τ

}
, Sℓ =

M⋃
m=1

Sℓ
m. (4)

This procedure isolates tokens that attract high attention due to massive ac-
tivation in sink dimensions while contributing little to value computation, as
documented for both text and visual sinks.
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Fig. 2: Empirical analysis of attention fragmentation. (a) Repeated sinks across
images: symmetric Chamfer distance (Eqs. (5) and (6)) between per-image sink sets
vs. random baseline. (b) Positional skew: sink attention share sm by image index m
(Eq. (7)); earlier images absorb more sink mass. (c) Level of fragmentation: normalized
entropy Hnorm across depth (Eq. (8)); values remain high relative to a Dirichlet(1) null,
indicating persistent fragmentation. (d) Positional bias: position-wise accuracy under
shows recency bias and persists after visual attention distribution (VAR).

4 Attention Fragmentation

In Large Multimodal Models (LMMs), multi-image inputs are processed in a
single, causally masked sequence, and attention weights are computed via a
row-wise softmax over keys [9,12]. Prior work shows that softmax normalization
and optimization dynamics can induce attention sinks, tokens that absorb excess
attention while contributing little to value computation [7]. Building on this, we
empirically examine how attention is allocated across images within the same
autoregressive context in LMMs.

4.1 Empirical Observation of Attention Fragmentation

Repeated visual sinks at matched background positions. In multi-image
inputs, we observe that per-image sink tokens Sℓ

m recur in similar spatial regions
across images within the same example, drawing substantial attention despite
low semantic utility. To quantify the effect, we represent each visual token on
the 2-D ViT patch grid of size R×C: token j at row–column (r, c) is mapped to
normalized image coordinates uj = (r/R, c/C) ∈ [0, 1]2; distances are therefore
purely spatial in image coordinates. For any unordered image pair (m,m′) in the
same multi-image example with sink sets Sℓ

m = {u} and Sℓ
m′ = {u′}, we measure

region-level repetition using the symmetric Chamfer distance on the 2-D token
locations,

dChamfer(Sℓ
m,Sℓ

m′) =
1

|Sℓ
m|

∑
u∈Sℓ

m

min
u′∈Sℓ

m′

∥u− u′∥2 +
1

|Sℓ
m′ |

∑
u′∈Sℓ

m′

min
u∈Sℓ

m

∥u′ − u∥2,

(5)
where lower values indicate stronger spatial recurrence. For an example with M
images, we summarize recurrence by the per-example average over all unordered
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pairs

d
ℓ

Chamfer =
2

M(M − 1)

∑
1≤m<m′≤M

dChamfer(Sℓ
m,Sℓ

m′). (6)

As shown in Fig. 2a, the per-example average d
ℓ

Chamfer across images in the same
example is significantly smaller than a random sampled baseline, as confirmed by
a paired Wilcoxon signed-rank test. For the baseline, for each image, we uniformly
sample |Sℓ

m| patch tokens at random locations, recompute the distances, and
average over repeated draws. This confirms that sink tokens recur in background
regions rather than appearing at arbitrary locations.
Masking sinks leaves predictions unchanged. We remove all incoming at-
tention to visual sinks by editing the attention mask at inference: for each layer
ℓ and for every query token i, we set Zℓ

i,j = −∞ for each key j ∈ Sℓ, which
forces αℓ

i,j = 0 for all queries and all layers. We then compare the model’s origi-
nal outputs with the masked run on the same inputs using the answer-flip rate,
defined as the fraction of examples whose predicted answer string changes after
masking. We report this rate with a Wilson 95% confidence interval for bino-
mial proportions; when no flips are observed, we state a conservative 95% upper
bound on the true flip probability using the rule of three, i.e., 3/n for n evaluated
items, which closely matches the one-sided Clopper–Pearson bound in this case.
Across models, flip rates remain within tight Wilson intervals near zero, indicat-
ing that eliminating attention to sink keys does not materially alter predictions.
This outcome is consistent with prior reports that attention sinks behave as
surplus-attention anchors whose removal has minimal effect on outputs [7, 10].
Positional skew toward earlier images. Within the same multi-image ex-
ample, sink strength is not uniform across images. We quantify per-image sink
strength at layer ℓ by the Sink Attention Share

ζℓm =

∑
i∈Vm

∑
j∈Sℓ

m
αℓ
i,j∑

i∈Vm

∑
j∈Vm

αℓ
i,j

, (7)

where αℓ
i,j are attention weights averaged over heads. Intuitively, ζℓm measures

what fraction of the attention budget directed to image m is absorbed by its sink
tokens rather than informative visual tokens, so larger values indicate more sink
attention. As shown in Fig. 2b, earlier images exhibit consistently larger ζm than
later ones; a paired Wilcoxon signed-rank test comparing the first and last im-
age within each example rejects the null of equal medians, and a within-example
regression of ζm on the image index m yields a negative, statistically significant
slope. This pattern aligns with the one-way access imposed by causal mask-
ing [34]: an image that appears earlier is exposed to more downstream queries,
and we observe that ζm increases with this exposure; moreover, permuting im-
age order within the same example shifts ζm toward the images moved earlier,
reinforcing the link between positional access and sink accumulation.
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4.2 Measuring Attention Fragmentation

Entropy-based measurement of image-level fragmentation. Prior anal-
yses of Transformer attention report layer-dependent patterns, suggesting that
attention can become more task-specific deeper in the stack [1, 29]. In multi-
image examples, attention allocation may evolve with depth: early layers can
distribute mass more broadly, whereas later layers are expected to place rela-
tively more weight on the image that carries decisive evidence rather than main-
taining an even spread. For example, a matching-style query such as “Which
image shows the red umbrella?”, would expect more attention to be allocated to
the image with a red umbrella in the late layers rather than spreading evenly
across the images. Following previous work that uses entropy to characterize
attention dispersion [3, 8], we measure fragmentation at the image level using
entropy to test whether attention becomes concentrated or remains dispersed
in late layers. For decoder layer ℓ and query token i, we aggregate attention to
image m by defining pm(i, ℓ) =

∑
j∈Vm

αℓ
ij , and define the total visual attention

mass as w(i, ℓ) =
∑

j∈V αℓ
ij . We then normalize over the visual mass to obtain

an image-level distribution p̃m(i, ℓ) = pm(i,ℓ)
w(i,ℓ) , so that

∑M
m=1 p̃m(i, ℓ) = 1 when

w(i, ℓ) > 0. For numerical stability, we use a smoothed image-level distribution
with ε = 10−8, p̄m(i, ℓ) = p̃m(i,ℓ)+ε

1+Mε . We then compute the normalized Shannon
entropy as

Hnorm(i, ℓ) =
−
∑M

m=1 p̄m(i, ℓ) log p̄m(i, ℓ)

logM
, (8)

which lies in [0, 1]: values near 0 indicate concentrated focus on one image, while
values near 1 indicate a uniform spread across images. In our analysis, higher
normalized entropy indicates stronger attention fragmentation at the image level,
whereas lower values indicate more concentrated attention. Mechanistically, if
each image contains background sink tokens that attract a comparable share
of attention, the per-image attention masses pm(i, ℓ) tend toward equality (i.e.,
≈ 1/M), which increases Hnorm.
Fragmentation persists throughout layers. Following prior work that ex-
amines attention patterns across all layers [1,39], we summarize normalized en-
tropy by depth using quartile bins. We use a Dirichlet(1) compositional reference
because it is uniform over the M -simplex and encodes no preference among im-
ages. As shown in Fig. 2c, relative to this reference, early-layer entropy already
lies in the upper tail of its Monte Carlo distribution, indicating high dispersion
compared to an uninformed spread. Entropy shows no meaningful reduction
with depth: paired Wilcoxon signed-rank tests between adjacent quartiles are
not significant after Holm correction, and per-example Spearman correlations
between the layer index and entropy are near zero. By the final quartile, the me-
dian entropy remains in the upper tail of the Dirichlet(1) reference, underscoring
persistent fragmentation rather than concentrating on relevant images.
Link between high entropy, skewed sinks, and recency bias. We found
that fragmentation persists under permutation of image order, and answers
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flip with a recency bias; images placed later in the sequence disproportion-
ately influence predictions, consistent with one-way access under causal mask-
ing and mirroring behavior reported in recent position-bias studies [28, 34]. Let
pm(i, ℓ) =

∑
j∈Vm

αℓ
i,j denote the per-image attention mass and let ζℓm be the

sink share on image m (Eq. (7)), where αℓ
i,j are attention weights averaged over

heads. Let w(i, ℓ) =
∑M

m=1 pm(i, ℓ) =
∑

j∈V αℓ
i,j be the total visual attention

mass. Define the non-sink attention mass rm(i, ℓ) = pm(i, ℓ) (1 − ζℓm). If visual
attention is evenly distributed across images (high entropy conditional on vi-
sual mass), so that pm(i, ℓ) = w(i, ℓ)/M for all m, then for any images a, b,
ra(i, ℓ)− rb(i, ℓ) =

w(i,ℓ)
M (ζℓb − ζℓa), hence ζℓa > ζℓb implies ra(i, ℓ) < rb(i, ℓ). More

generally, if the masses are near-uniform with maxm
∣∣pm(i, ℓ) − w(i, ℓ)/M

∣∣ ≤ ε

for all m, then for any a, b, ra(i, ℓ)− rb(i, ℓ) ≥ w(i,ℓ)
M (ζℓb − ζℓa)− 2ε. Here ε quan-

tifies deviation from uniformity across images; when the normalized entropy
Hnorm(i, ℓ) of the conditional distribution p̃m(i, ℓ) = pm(i, ℓ)/w(i, ℓ) is high, ε

can be bounded via Pinsker’s inequality as ε ≤ w(i, ℓ)
√

2 logM
(
1−Hnorm(i, ℓ)

)
(natural logs). Because causal masking increases sink share for earlier images,
these relations reduce their non-sink mass and bias decisions toward later images,
manifesting as recency bias.

4.3 Limitations of Post-Softmax Redistribution

Post-softmax redistribution from prior work. Prior research on atten-
tion sinks in single-image LMMs proposes reallocating the attention mass re-
moved from identified sink tokens to visual non-sink tokens by directly editing
the weights αℓ

i,j in (2) computed after the causal mask Mcausal in (1) [10].
The reallocation is proportional to existing non-sink token attention weights, so
the image-level distribution pm(i, ℓ) =

∑
j∈Vm

αℓ
i,j inherits the baseline pattern;

when non-sink token attention is already fragmented across images and skewed
toward earlier ones, the same dispersion and skew are preserved, sometimes rein-
forced by larger sink budgets on earlier images. Because the mask is not altered,
forward links from earlier queries to later images cannot be created, so order
sensitivity induced by one-way access remains.
Fragmentation is unchanged after proportional redistribution. We mea-
sure image-level dispersion with the normalized entropy Hnorm(i, ℓ) in (8). Let
Hbase

norm and Hpost
norm denote the scores before and after redistribution. Paired Wilcoxon

signed-rank tests find no meaningful difference between Hpost
norm and Hbase

norm, and
Hodges–Lehmann estimates of the median change are near zero. Quartile sum-
maries by depth show that the final-quartile median entropy remains in the upper
tail of the Dirichlet(1) compositional null both before and after redistribution,
indicating that high dispersion persists throughout the layers.
Order sensitivity and recency bias persist. Using the same answer-flip rate
and permutation protocol introduced earlier, we observe similar flip frequencies
before and after redistribution, indicating that post-softmax reweighting does
not stabilize predictions under image reordering. As shown in Fig. 2d, position-
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Fig. 3: Attention Remasking. A post-training edit to pre-softmax attention that
masks visual sink tokens and selectively unmasks links between visual tokens guided
by task relevance. AR reduces attention fragmentation and mitigates order sensitivity
in multi-image LMMs.

wise accuracy continues to increase with later positions, consistent with a recency
bias arising from one-way access under causal masking.

5 Attention Remasking

We introduce Attention Remasking (AR), a training-free edit to the attention
score matrix that targets the multi-image failure induced by attention fragmen-
tation. The objective is twofold: (i) reclaim attention currently assigned to visual
sink tokens and (ii) counteract the biased attention distribution left by attention
fragmentation, so that attention can flow along task-relevant cross-image links.
Motivation. Under causal masking, later images are inaccessible as keys to
earlier queries, inherently restricting cross-image integration even when tasks
explicitly require linking distributed visual evidence. To overcome this bottle-
neck, AR relaxes the visual components of Mcausal, permitting forward attention
from earlier queries to subsequent visual tokens. Recent mechanistic studies re-
veal that LMMs inherently perform robust visual grounding in their earliest
layers, prior to the severe representational degradation observed deeper in the
network [37,38]. We posit that this depth-induced semantic drift is fundamentally
driven by the attention fragmentation identified in our analysis: the progressive
accumulation of attention sinks exacerbated by causal skew. Motivated by this
insight, AR directly leverages the LMM’s own shallow-layer attention pattern to
guide the reassignment of sink attention to task-relevant visual tokens.
Masking attention sinks. Let Zℓ and αℓ be the pre-softmax scores and row-
normalized attention weights defined in (1) and (2), respectively. Sink tokens are
identified as in (3) and (4), yielding the per-layer set Sℓ ⊂ {1, . . . , N}. AR edits
only the visual-visual submatrix of Zℓ, preserving text autoregression enforced
by the causal mask Mcausal. For all layers ℓ > 1, AR masks sink tokens by setting
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Z̃ℓ
i,j = −∞ for all i and all j ∈ Sℓ, which implements a column-wise block on

sinks and removes their incoming attention everywhere.
Unmasking visual tokens. To establish forward links to task-relevant patches,
we extract the text-to-vision attention weights at the first decoder layer (ℓ = 1)
to obtain a semantic grounding prior uncorrupted by deep-layer fragmentation.
For the set of text instruction tokens T and visual tokens V, we define the global
relevance of each non-sink visual token j as Pglobal(j) =

1
|T |

∑
t∈T α1

t,j . To un-
mask a sparse set of cross-image links, we employ mean attention thresholding,
a well-established technique in dynamic token sparsification [8, 25]. To prevent
massive sink activations from skewing the threshold, we define the valid visual
candidate pool as Vvalid = V \ S1. A token is deemed task-relevant if its global
relevance exceeds the mean expectation of this valid pool, defined as µvalid =

1
|Vvalid|

∑
k∈Vvalid

Pglobal(k). This dynamically isolates our unmasked candidate set
U = {j ∈ Vvalid | Pglobal(j) > µvalid}. For any visual query token i at deeper lay-
ers ℓ > 1, let Ui denote the subset of tokens in U that belong to images subsequent
to the query’s own image. We normalize the global relevance scores over this sub-
set to obtain a valid routing distribution πi,j = Pglobal(j)

/∑
k∈Ui

Pglobal(k) for
j ∈ Ui, with πi,j = 0 otherwise. This yields a sparse, instruction-conditioned
prior that natively concentrates on highly salient patches.
Attention redistribution. We reassign the attention released from sinks, guided
by π. For query i, let the trapped sink attention at layer ℓ be ηℓi =

∑
j∈Sℓ αℓ

i,j .
After masking sinks, a plain softmax would implicitly redistribute this budget
among the remaining keys. Instead, AR explicitly routes the same share to the
newly opened, relevant links using π. Define the target row distribution α̂ℓ

i,· by:

α̂ℓ
i,j = (1− ηℓi )

αℓ
i,j∑

k/∈Sℓ∪Ui
αℓ
i,k

1
[
j /∈ Sℓ ∪ Ui

]
+ ηℓi πi,j 1[j ∈ Ui] . (9)

We realize α̂ℓ
i,· by writing scores Z̃ℓ

i,j = log α̂ℓ
i,j + cℓi for all non-−∞ entries,

where cℓi is any row-constant canceled by the softmax, while enforcing −∞ on
sink columns and on visual links that remain masked. If Sℓ = ∅ or Ui = ∅, AR
reduces to the identity on row i.

6 Experiments

We evaluate Attention Remasking (AR) on interleaved-token LMMs to test
whether it improves multi-image accuracy, reduces attention fragmentation, in-
cluding lower late-layer entropy and reduced sensitivity to image order, and
remains robust under ablations and controls.

6.1 Experimental Settings

Models. We evaluate a diverse range of open-source LMMs, including LLaVA-
OneVision-7B [2], Qwen3-VL-8B [4], InternVL3.5-8B [33], and DeepSeek-VL2-
Small [36]. All experiments are conducted on eight NVIDIA A100 GPUs.
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Table 1: Average accuracy (%) on five multi-image benchmarks.

Method Benchmark (Acc %)

MMIU MuirBench MIRB LIBench MIBench

Commercial API
Gemini-3-Pro 68.1 65.7 72.5 70.3 69.9
GPT-5 65.3 65.9 69.6 70.2 70.0

Open Source
LLaVA-OneVision-7B 36.9 35.0 47.9 53.5 53.8

+ VAR 38.0 35.5 48.7 54.2 55.0
+ SoFA 38.3 36.7 48.3 54.5 54.1
+ Ours 41.2 39.6 51.9 57.7 58.6

Qwen3-VL-8B 55.6 51.3 65.6 61.2 63.5
+ VAR 55.9 51.4 66.0 61.7 63.5
+ SoFA 56.7 52.3 66.2 61.6 64.8
+ Ours 59.4 54.9 69.2 65.5 67.6

InternVL3.5-8B 49.3 39.7 53.6 57.6 51.5
+ VAR 50.6 40.9 54.6 59.1 52.4
+ SoFA 50.5 41.3 54.9 59.3 52.7
+ Ours 54.1 43.8 57.9 61.9 55.6

DeepSeek-VL2-Small 51.4 40.5 45.8 58.3 53.7
+ VAR 52.1 41.1 46.6 59.4 54.6
+ SoFA 52.3 41.1 46.5 60.1 55.0
+ Ours 56.1 44.7 50.7 62.5 58.2

Baselines. We compare against two training-free post-hoc methods related to
attention fragmentation. SoFt Attention (SoFA) linearly interpolates the at-
tention between the standard causal attention and the bidirectional attention
without masking, opening links from earlier queries to later images [28]. Vi-
sual Attention Redistribution (VAR) moves post-softmax attention mass from
identified sink tokens to visual non-sink tokens [10].
Tasks and benchmarks. We adopt a comprehensive multi-image evaluation
covering a wide range of complementary tasks. MMIU [16] covers seven rela-
tionship types with tasks that test comparison, retrieval, and spatial/temporal
integration; MuirBench [30] spans twelve tasks built around relation categories
such as multiview, ordering, and temporal reasoning; MIRB [40] groups tasks
into perception, visual world knowledge, reasoning, and multi-hop reasoning; we
also use the multi-image subset of MIBench [14], which focuses on five tasks of
reasoning and comparison, and subset of LLaVA-Interleave Bench [12], spanning
nine tasks on multi-image reasoning, which we refer to as LIBench.

6.2 Main Results

Overall accuracy. As shown in Tab. 1, AR improves average accuracy across
multi-image benchmarks and open-source LMMs.
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Level of fragmentation. Fig. 4a plots the normalized entropy Hnorm by layer-
depth quartiles. Baselines lie in the upper tail of a Dirichlet(1) compositional null
across depth, indicating dispersed allocation over images. AR shifts the curve
downward at all depths, with a statistically significant reduction in the final
quartile as confirmed by paired Wilcoxon signed-rank tests with Holm correc-
tion. Fig. 4b shows accuracy as a function of image position under controlled
permutations. Baselines display a clear positive slope, evidencing recency bias.
AR both raises the curve and flattens the slope; permutation flip rates drop, with
Wilson intervals remaining strictly below the baseline. For comparison baselines,
SoFA reduces the position–accuracy slope while late-layer entropy remains high,
and VAR leaves entropy unchanged and largely preserves the position–accuracy
slope, reflecting that proportional post-softmax reweighting preserves the pre-
existing fragmented pattern.
Discussion. SoFA [28] interpolates toward unmasked attention using logits that
were never trained under the causal mask, opening all links without preference
for task-relevant ones; this weakly counters positional bias but fails to consol-
idate attention, leaving fragmentation high. VAR [10] moves probability mass
only within the already-masked distribution and in proportion to current non-
sink weights; it cannot create forward links and therefore inherits both dispersion
and positional skew. AR differs by masking sink keys, unmasking a sparse set of
instruction-relevant cross-image links, and explicitly routing attention to those
links, jointly reducing fragmentation and order sensitivity. Notably, while recent
base LLMs such as Qwen3 have introduced architectural mitigations to prevent
textual attention sinks with Gated Attention [24], we found that visual sinks still
reliably emerge in their multimodal counterparts Qwen3-VL [4]. This persistence
is driven by three intersecting factors: first, Vision Transformers inherently re-
purpose background patches as semantically empty registers [5]. Second, unlike
text tokens, images largely consist of redundant backgrounds; to sharply focus
on a few sparse foreground details, the softmax sum-to-one constraint forces the
model to allocate residual probability mass to these empty patches. Finally, be-
cause the autoregressive loss is computed exclusively on text, visual tokens lack
direct next-token gradient supervision, turning these unpenalized background
registers into safe, low-penalty attention sinks. Because this trapped visual bud-
get remains substantial, AR’s mechanism of explicitly routing it through the
causal mask to natively grounded forward links remains effective, delivering per-
formance gains even on sink-aware baselines such as Qwen3-VL.

6.3 Further Analysis

Masking and unmasking. We compare two ablations against the full AR.
Mask-only removes all incoming attention to identified sinks by setting their
columns to −∞ and then renormalizing each row over the remaining keys. This
diffuses the budget that was trapped in sinks across the pre-existing non-sink pat-
tern, so image-level dispersion and order sensitivity largely persist. Unmask-only
relaxes the visual mask to open cross-image links and assigns scores equivalent
to scores in sinks to those links in proportion to the relevance score, without
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Fig. 4: Attention Remasking (AR): results and ablations. (a) Fragmentation:
AR lowers normalized entropy compared with baselines, indicating reduced attention
fragmentation. (b) Order sensitivity: AR reduces position-wise accuracy skew relative
to baselines. (c) Ablation on masking strategy: mask-only and unmask-only variants
underperform full AR. (d) Information leakage: combining AR and Delimiter Token
Scaling (DTS) maximizes accuracy, confirming orthogonal benefits.

Table 2: Ablation on the source layer used for the grounding prior. Extracting the
Attention Remasking (AR) routing mask from the first layer maximizes accuracy. Con-
versely, using deep layers actively degrades performance below the baseline, empirically
confirming that deep-layer attention is heavily corrupted by visual sinks.

Method Source Layer Benchmark (Acc %)

MMIU MuirBench MIRB LIBench MIBench

Qwen3-VL-8B – 55.6 51.3 65.6 61.2 63.5

+ AR (Last) L 53.2 49.8 63.1 59.5 61.0
+ AR (Mid) L/2 54.8 50.9 64.8 60.6 62.4
+ AR (Ours) 1 59.4 54.9 69.2 65.5 67.6

InternVL3.5-8B – 49.3 39.7 53.6 57.6 51.5

+ AR (Last) L 46.5 37.4 51.0 55.2 48.9
+ AR (Mid) L/2 48.7 39.1 52.8 56.9 50.8
+ AR (Ours) 1 54.1 43.8 57.9 61.9 55.6

masking and removing attention to sink tokens. Fig. 4c shows that for both
variants, accuracy remains close to the baseline. The full AR masks sink and
reallocates the freed budget to the newly unmasked, instruction-relevant links,
and achieves the largest accuracy improvements among the variants.
Information leakage among images. In LMMs, processing multiple images
within a single sequence can cause unintentional information leakage across im-
ages. To address this, Delimiter Token Scaling (DTS) reinforces intra-image
boundaries by scaling the hidden states of image delimiter tokens [11]. Because
DTS solely modifies these boundary representations while Attention Remasking
(AR) edits the visual patch attention matrix, the two methods are structurally
orthogonal. To evaluate their compatibility, we apply both interventions to the
Qwen3-VL baseline. As shown in Fig. 4d, both methods individually improve
multi-image reasoning accuracy on MMIU and MuirBench, with AR providing
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Table 3: Average accuracy (%) on five multi-image benchmarks for larger models.

Method Benchmark (Acc %)

MMIU MuirBench MIRB LIBench MIBench

Qwen3-VL-32B 59.8 54.8 68.7 66.0 66.7
+ VAR 60.1 55.0 69.1 66.3 67.0
+ SoFA 60.5 55.4 69.4 66.5 67.2
+ Ours 62.6 57.5 71.8 68.8 69.4

InternVL3.5-14B 53.0 44.6 57.0 61.7 56.1
+ VAR 53.4 45.1 57.5 62.0 56.6
+ SoFA 53.6 45.5 57.8 62.3 56.9
+ Ours 56.1 47.9 60.2 64.7 59.3

DeepSeek-VL2-27B 55.9 43.7 50.6 61.9 58.0
+ VAR 56.4 44.2 51.3 62.5 58.6
+ SoFA 56.7 44.6 51.5 62.8 58.9
+ Ours 58.8 46.8 53.7 65.1 61.1

notably larger standalone gains than DTS. Crucially, combining the two meth-
ods yields compounding improvements, achieving the highest overall accuracy
across both benchmarks. This result confirms that preventing general noise leak-
age (DTS) and actively routing sink attention to task-relevant forward links (AR)
provide independent, synergistic benefits, allowing AR to seamlessly integrate
with state-of-the-art representation scaling techniques.

Computational Efficiency. We report single-stream latency (mean/p90 per
sample) and offline throughput (samples/s) using CUDA-event timing after 20
warm-up runs and 200 measured runs. Hardware, precision, batch size, prompts,
and images are strictly identical across methods. Peak memory is recorded
via torch.cuda.max_memory_allocated(). The timing is conducted using the
InternVL3.5-8B backbone on an NVIDIA A100 80 GB GPU (FP16). SoFA intro-
duces the smallest overhead because it relies on a uniform, static interpolation of
the attention mask. VAR redistributes mass dynamically based on existing non-
sink weights, incurring a slight latency increase. The computational overhead
of our proposed AR is limited to a lightweight extraction of the text-to-image
attention weights at the first decoder layer, followed by a sparse, pre-softmax
masking operation in deeper layers. A common concern with explicit weight
extraction and custom masking is the potential incompatibility with hardware-
fused kernels like FlashAttention, which typically do not materialize the full
N × N matrix. To ensure efficiency, our implementation leverages PyTorch’s
scaled_dot_product_attention (SDPA). We strictly isolate the materializa-
tion of attention probabilities to the first layer. For all deeper layers, SDPA
automatically routes the custom sparse AR mask to optimal Memory-Efficient
Attention backends, bypassing the strict mask constraints of pure FlashAttention
without incurring O(N2) memory bottlenecks. Consequently, AR operates with
a latency, throughput, and memory footprint comparable to VAR and SoFA.



Multi-image Attention Fragmentation 15

Table 4: Computational overhead on an NVIDIA A100. End-to-end latency includes
image preprocessing, model forward, and decoding. AR introduces minimal overhead
comparable to baselines.

Setting Latency (ms) mean / p90 Throughput (samples/s) Peak Mem (GB)

InternVL3.5-8B 280 / 330 3.6 15.2
+ SoFA 284 / 334 (+1.4%) 3.5 (–2.8%) 15.2 (+0.0%)
+ VAR 287 / 338 (+2.5%) 3.5 (–2.8%) 15.3 (+0.7%)
+ AR 288 / 339 (+2.9%) 3.5 (–2.8%) 15.3 (+0.7%)

Layer selection for the grounding prior. Attention Remasking (AR) lever-
ages the earliest transformer layers, which preserve an uncorrupted, text-to-
vision alignment prior [37, 38], whereas deep layers suffer from severe attention
fragmentation. To validate this premise, we ablate the source layer used to ex-
tract the routing mask. As shown in Table 2, extracting the prior from the first
layer (Layer 1) yields the highest performance gains across all benchmarks. How-
ever, as the source layer shifts deeper into the network (Layer L/2), the improve-
ments vanish. Crucially, when the mask is extracted from the final layer (Layer
L), the performance strictly degrades, falling noticeably below the unedited base-
line. This behavior perfectly aligns with our mechanistic analysis of visual sinks:
because deep-layer attention mass is largely absorbed by semantically empty
background registers, thresholding this corrupted distribution generates an in-
verted mask that actively forces the model to focus on noise while blinding it to
task-relevant foreground patches. Therefore, isolating the grounding prior to the
first layer is not merely an optimization, but a structural requirement to bypass
sink corruption and accurately route multi-image reasoning.
Scaling to larger backbones. Table 3 demonstrates the scalability of our
method on larger-parameter models. While upgrading the base architectures to
Qwen3-VL-32B [4], InternVL3.5-14B [33], and DeepSeek-VL2-27B [36] naturally
yields higher baseline accuracy compared to their smaller counterparts, the un-
derlying structural issue of visual attention fragmentation persists. Consequently,
naive baseline edits such as VAR and SoFA struggle to meaningfully adjust the
complex deep-layer representations, offering marginal gains. In contrast, Atten-
tion Remasking (Ours) consistently delivers robust improvements across all five
multi-image benchmarks, regardless of the backbone.

7 Conclusion

We demonstrate that position-skewed visual sinks severely fragment attention in
multi-image LMMs. To address this, we introduce Attention Remasking (AR),
a training-free inference edit that suppresses these sinks and explicitly routes
attention to task-relevant cross-image links. Future work will explore extend-
ing this framework to complex real-world applications of multi-image reason-
ing, such as industrial product specification, medical diagnostics, and animal
re-identification [13,18,19,21,35].
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