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ABSTRACT

We study how to detect and mitigate visual attention sinks in vision-language
models (VLMs). Visual attention sinks are image tokens that absorb a large share
of attention over the image regardless of the query or task, and they mislead meth-
ods that treat attention maps as a record of where the model “looked.” Prior
work has detected sinks through massive activation dimensions and proposed re-
distributing their attention, but none have addressed what makes a token become a
sink. Comparing six candidate detectors on ten VLMs from four families, we find
that only the centered cosine similarity between an image token’s key and the key
of the language model’s text-sink detects visual sinks. Thus, a visual sink is an im-
age token whose key aligns with the text-sink’s key. Moving a sink’s key compo-
nent along this direction to the median of the image keys sends its attention back
to the text-sink (Are Borrowed) while leaving model answers unchanged (Not
Seen). Building on this, we propose a training-free, entropy-triggered re-look that
first cleans the attention map, then crops the most-attended region of the cleaned
map and inserts it into the reasoning trace. Cleaning adds negligible computation
to the forward pass, and the re-look improves accuracy with a mean gain of +4.3
points on fine-detail VQA benchmarks across model families.

1 INTRODUCTION

The attention map of a vision-language model is widely read as a record of where the model looks.
It is used to trace how object information flows from image tokens to text (Kaduri et al.| 2025}
Neo et al.} 2025} Jiang et al.,|2025) and to guide model behavior: cropping or highlighting the most-
attended region (Zhang et al.,|2025a; Shen et al., 2025; |Liu et al.} 2026)), reading out grounding heads
(Kang et al., 2025a), pruning the least-attended tokens (Chen et al.,|2024; Zhang et al., 2025d; |Yang
et al., 2025)), and reweighting attention against hallucination (Huang et al., 2024} Liu et al., 2024;
Che et al.||2025). However, this record is often misleading as a few image tokens, the visual attention
sinks (Kang et al., 2025b), take a large share of the image attention regardless of the question. Any
method that interprets or uses VLM attention can be misled by these tokens.

Attention sinks were first observed in language models as a few tokens that absorb much of the
attention regardless of their content (Xiao et al.| 2024} [Su et al., [2026). These tokens carry massive
activations (Sun et al.l 2024)) and their keys act as a bias rather than as content (Gu et al., |2025;
Barbero et al.,2025). Every VLM inherits such text-sinks from its language model. Visual attention
sinks have been identified through massive hidden dimensions (Kang et al.|[2025b)), attributed to the
vision encoder, language model, rotary position encoding (Darcet et al., 2024} Luo et al.,|2026;|Choi
et al.,[2026} |[Zhang et al.| [2026), and either removed or exploited by downstream methods (L1 et al.,
2026} Shukla & Kiral [2026)). However, none of these studies has examined what a visual attention
sink is or what makes an image token become one. Without this, it is unclear whether the sinks
reported in different VLMs are the same phenomenon and whether they carry useful information.
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Figure 1: Visual attention sinks point the same way as the text-sink. Left: visual attention sinks
(red, > 100x uniform attention outside the target) and the target (green) in a V* image. Right: key
direction (angle) vs. attention (radius) of every image token

We study visual attention sinks in ten VLMs from four families and find that they are identified by
their keys. The features prior work associates with sinks, the hidden-state norm (Kang et al.| [2025b))
and the value and key norms 2024), each detect sinks in only some model families. Since
a text-sink’s key acts as a bias 2025)), we build three detectors that test whether image
sinks share this bias: the spread of the attention logits a token receives across queries, and the raw
and centered cosine similarity between an image token’s key and the text-sink key. Only the centered
cosine detects sinks in every sink-bearing model (AUC > 0.99). Thus, a visual attention sink is an
image token whose key points along the text-sink key.

This definition also gives a way to remove visual attention sinks. At every layer, we flag the image
tokens whose centered cosine with the text-sink key exceeds a threshold, and move the component
of each flagged key along the text-sink direction to the median over image keys, leaving queries and
values unchanged. In most sink-bearing models, this removal reveals two properties. First, visual
attention sinks are borrowed. The attention the visual attention sinks held returns to the text-sink
rather than spreading over the image. Second, visual attention sinks are not seen. The model’s output
distribution barely changes, with low KL divergence from the original distribution. The attention
map, however, does change, with the most-attended image token often landing on the queried object.

With the visual attention sinks removed and the model’s behavior preserved, the attention map is
again a record of where the model looks. Reasoning VLMs increasingly revisit the image mid-trace
by cropping or zooming, but they learn when and where to do so through reinforcement learning
[Zheng et al. (2026)); [Su et al.| (2025)); [Zhang et al.| (2025b); [Lai et al.| (2026)) or rely on a separate
search or tool calling procedure (Wu & Xie, [2024} Shen et al., 2025} |Hu et al.,[2024). We introduce
a training-free re-look for revisiting the image only when the model becomes uncertain. At the first
decoding step where the next-token entropy exceeds a threshold (i.e., the model is uncertain;
20254), we crop the most-attended region of the cleaned map from the original image and
insert it into the trace. Across 10 models V* 2024), HR-Bench (4K and 8K)
[2025¢), and MME-Real World-Lite (Zhang et al.| 2025¢), our method improves accuracy on 39 with
a mean gain of +4.3 points. Because the key edit is cheap and leaves the model’s outputs essentially
unchanged, the cleaned map could replace the raw one wherever attention guides a VLM, from
interpreting where the model looks to providing annotation-free grounding signals in RL pipelines.

2 RELATED WORK

2.1 ATTENTION SINKS

Attention sinks are the few tokens that absorb much of the attention regardless of content
2024). They carry massive activations 2024), and their key acts as a bias while
their value is near zero [2025)). Vision transformers show the same on high-norm patches
(Darcet et al.} [2024). A VLM inherits the text sink from its language model, and in some families
image tokens behave like one as well. [Kang et al.| (2025b) find these visual attention sinks through
massive activations in a few hidden dimensions. Later work attributes them to rotary decay
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2026)), separates encoder-born from language-model-born sinks 2026), or reads
them as carriers of semantics (Luo et al., [2026).

Prior work treats the attention on a visual sink as misplaced and redistributes it over the image
[2025b) or intervenes on it against hallucination (Huang et al.| 2024} [Liu et al., [2024). We find
otherwise: in the full-attention models, removing a sink returns its attention to the text sink, not to
the target, and the answers stay nearly the same. What changes is the attention map, which matters
to every method that reads one, from attention-guided cropping to token pruning and grounding

(Zhang et al.} 20254} [Chen et all,[2024}; [Kang et al., 20254).

2.2 VISUAL TOOLS IN MULTI-MODAL REASONING

Attention to the image fades as the trace grows (Sun et al.} 2025), and a self-reflective phrase in the
trace does not make the model look again (Shi et al.| [2026). A phrase injected from outside helps
only over the tokens already in context (Bi et al.l 2026). Other methods act on the image. Visual
programming composes vision experts and code around a language model (Gupta & Kembhavil
2023}, [Surfs et al. [2023), Visual Sketchpad adds a drawing canvas (Hu et all, [2024), and a line of
work trains a crop or zoom action into the trace (Zheng et al.l 2026; |Su et al.| 2025; Zhang et all
[2025b). Training-free methods pick the region from the model’s confidence (Shen et al., 2025) or

attention (Zhang et al, 20254; [Gao et al.} [2025). Only Look Twice (Morini et al., [2026) filters sink
tokens first with the score of [Kang et al.| (2025b).

Our re-look differs in where, what, and when. It reads the attention map after the key edit removes
the sinks. It inserts a fresh crop as a second image block rather than encoded tokens (Gao et al.|

or a phrase 2026). And it fires at the first uncertain step of the trace, since a few
high-entropy tokens set its direction (Wang et all,[2025a).

3 ATTENTION SINKS IN VLMS ARE BORROWED, NOT SEEN

We first identify which VLMs have visual attention sinks (§ @) and show that a sink is an image
token whose key aligns with the text-sink key (§[3.3). We then remove the sinks and measure where
their attention goes and how the model’s output changes (§ 3.4).

All analyses use ten models from the Qwen3-VL (QVL; 2025)), InternVL (IVL;Zhu et al.

2025} 2025b), Gemma-4 (G4 2026), and Pixtral (Pix [Agrawal et al., 2024)
families on V* (Wu & Xie| 2024), whose target boxes let us separate sinks from the queried object.

HR-Bench 4K and 8K (Wang et al| [2025¢) have no target boxes but give matching results (§ [A.T2).

QVL-8B L30 QVL-4B L29 QVL-2B* L27 IVL3.5-8B L30 IVL3.5-2B* L7
-.5 0 .5

.96 .95
G4-12B L43 G4-E4B L36 G4-E2B L28 IVL3-8B* L13

I image tokens ® target O sink ----- gate

Figure 2: Image tokens on V* at each model’s peak layer. Angle: centered cosine of a token’s key
with the text-sink key (Equation 2)). Radius: attention received relative to uniform, log scale. Sinks:
tokens above 100 x uniform (dotted ring) outside the target box. Dashed ray: gate threshold .5. Red
numbers: median cosine of the sinks; *: sink-free

3
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3.1 DEFINITIONS

A prompt (ZQ) is the n image tokens Z and its text question tokens Q. For layer ¢ and head h, a i
is the prefill softmax attention from token 7 to j. We measure the attention each token receives from
the question and each image token’s share of in-image attention:

4

‘ a;j .
a' s r= = EI 1
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h i€Q
Uniform attention gives rf = 1/n, so we report a token’s attention relative to uniform (n rf).

Every model except Gemma-4 is full-attention. Most Gemma-4 layers instead use a sliding window.

Sinks. The text- smk t* is the text position that receives the most attention from the question,
t* = argmax;g¢z a , at the middle full-attention layer. A visual attention sink at layer £ is an image

token that receives at least 100 x its uniform share, n r > 100, and lies outside the target bounding
box B of the queried object.

Key directions. The key of token j at layer ¢ and key—value head g is ké’g the mean image key is
kb9 =1 Z]ez ¥, and the direction of the text-sink key is b = kb g/||k 9.

Sink-bearing and free models. The visual attention sink share s* = jeve rf of layer ¢ is the

in-image attention held by its visual attention sinks V¢, averaged over images. A model’s peak
layer ¢* is the layer with the largest s in the last three quarters of its language model A model is
sink-bearing if s¢" > 0.15 and sink-free otherwise. We define this threshold only for analysis as a
sink-free model under this definition may still have a few weak visual attention sinks. The key edit
experiments in § [3.4]treats every model alike, removing little from sink-free ones.

3.2 VISUAL ATTENTION SINKS COME FROM THE LANGUAGE MODEL

In we report the number of visual attention sinks per image, their attention relative to
uniform, and their share of the in-image attention at each model’s peak layer We find that seven of
the ten models are sink-bearing, with sinks holding a quarter to four fifths of the in-image attention,
and three are sink-free, with at most 12%.

Table 1: Visual attention sinks in VLMs on V* at each
model’s peak layer. keyl: sinks per image; key 2: their
attention relative to uniform; key 3: their share of the
in-image attention.

The language model largely decides which
group a model falls in. The Qwen3,
Mistral, and Gemma-4 backbones pro-
duce sinks, while the Qwen2.5 backbone

of InternVL3-8B does not. The clearest Model LM | per image xuniform share
case is InternVL3-8B and InternVL3.5- QVL-8B  Qwen3 3.9 1259 66
8B, which share a vision encoder but use  QVL-2B  Qwen3 27 163 12
Qwen2.5 and Qwen3 respectively. With  [VL3.5-8B Qwen3 1.5 342 24
these models visual attention sinks take [VL3.5-2B Qwen3 1.0 151 08
2% of the in-image attention in the first [V[.3-8B Qwen2.5 0.4 93 02
and 24% in the second. Within a family, Pix-12B  Mistral 1.0 2093 76
smaller models have weaker sinks. Visual G4-12B Gemma-4 4.4 205 63
attention sinks take 66% and 73% of the G4-E2B Gemma-4 2.6 488 81

in-image attention in Qwen3-VL-8B and
4B but only 12% in Qwen3-VL-2B, and 24% in InternVL3.5-8B but 8% in InternVL3.5-2B.

Gemma-4 is sink-bearing for a different reason. Most of its layers attend only within a sliding
window and the question sits too far after the text-sink to reach it. In these layers a few image
tokens take 63% to 81% of the in-image attention. In its full-attention layers, which do reach the
text-sink, no image token takes a large share.

IThe first quarter is excluded because target localization is still weak there (Appendix A).
Table 5[gives all ten models and adds the text-sink and localization columns.




Published as a conference paper at ICLR 2027

All Tokens

Il
o]
o

Image Raw Map Cleaned Map

Cleaned

°
a9}
c
©

i)

O

What is the breed of the dog?

All Tokens: share of question attention over the whole prompt (1 cell = 1%)

Ml text sink (<|im_start|>) visual sinks [l target box rest of image other text
Figure 3: Crop selection in Qwen3-VL-8B-Thinking on two V* images. Green: target box; red/blue:
raw/edited window. Right: question attention over the whole prompt (one cell per 1%). The edit
moves the visual attention sinks’ share to the text-sink.

3.3 A SINK IS AN IMAGE KEY ALIGNED WITH THE TEXT-SINK KEY

Prior work identifies sinks by the size of their activations. We test three such features, the hidden-
state norm (Kang et al.,[2025b)) and the value and key norms [2024), as detectors of visual
attention sinks at each model’s peak layer. We propose a detector based instead on the direction of
a token’s key. The text-sink acts as a bias that attracts every query regardless of content
2025)), so if image tokens become sinks by the same mechanism, their keys should point along the
text-sink key. We measure this with the centered cosine similarity between an image token’s key and
the text-sink key, which subtracts the mean image key k to remove the offset all image keys share

~ (kj — k, ke — k) iy 1 _tg
= _ A € — 9 2
G kg — Rl ke — R 77 He 2.5 @

where the first expression is computed per layer and the key—value head, and the second averages it
over the Hy, key—value heads. We also test two simpler versions of the same idea, the raw cosine

without centering and the logit spread, the standard deviation of (g;, k;)/ \/d over question tokens i.

Detecting sinks. In we report each feature’s AUC at separating visual attention sinks
from other image tokens, as the mean and minimum over the seven sink-bearing models. We find
that only the centered cosine separates sinks in every model, with a minimum AUC of 99.0, while
the features from prior work are family-specific. Hidden-state and value norms separate sinks in the
Qwen3 backbones and Pixtral but not reliably in Gemma-4, and key norm works only with its sign
reversed, since sinks have unusually small keys, and still fails on Gemma-4. Of the other two new
features, logit spread works only on Pixtral, and the raw cosine matches the centered one except on
Gemma-4-E2B, where it drops to 94.0. [Figure 2]shows this separation as a compass. In every sink-
bearing model the sinks are the only tokens that both point toward the text-sink key and receive high
attention: their median cosine is .95 to 1.00 in the full-attention models and .56 to .87 in Gemma-4,
while the target and the other image tokens stay near cosine 0 and receive far less attention.

Editing keys. To test whether the alignment causes sink attention, we edit keys at the peak layer
of the four sink-bearing full-attention models on 20 V* imagesEl First, we remove the direction.
Projecting 4 out of the sink keys drops their share of in-image attention to zero, while projecting out
a random direction leaves it unchanged. Second, we write the direction into other tokens. Setting

3Full results are in[Table 7| For Pixtral, whose image keys as a whole sit at an offset along 1, we move the
sink keys’ component to the median image key instead of zero (§[A-4).
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Table 2: Effects of the key edit on V*. L: number of language-model layers. text-sink: share of
question attention on the text-sink, averaged over the probed layers

Map Model
Model max;r; top-1€ B text-sink | accuracy agreement KL caption
Qwen3-VL-8B .25 — .04 .00 — 47 .57 — .67 | .73 = .73 .99 .004 .83
Qwen3-VL-4B .24 — .05 .00 — .41 .54 — .68 | .73 — .73 98 .003 .82
Qwen3-VL-2B .04 =+ .03 .28 = .23 .63 — .63 | .68 — .61 .81 .039 57
InternVL3.5-8B .34 — .05 .00 — .72 .44 — .65 | .71 — .68 94 .001 .85
InternVL3.5-2B .04 — .04 .60 — .59 .65 — .65 | .64 — .61 93 .002 .80
InternVL3-8B gate off .59 b0 — .50 | .70 — .71 97 .001 .87
Pixtral-12B 57— .02 .00—.16 .40 — .51 | .50 — .50 97 .002 73
Gemma-4-12B .15 = .13 .01 — .00 - .68 = .65 .85 531 73
Gemma-4-E4B .32 — .30 .00 — .00 - 44 — 44 .96 .031 .70
Gemma-4-E2B .41 — .39 .00 — .00 - .39 — .36 78 132 .66

the keys of eight random image tokens to the text-sink key gives them 91% to 97% of the in-image
attention, while a random key of the same norm gives them at most 9%.

Alignment with the text-sink key is thus the signature of a visual attention sink. It separates sinks
in every sink-bearing model, and in the models we edit it is both necessary and sufficient for sink
attention. Because this direction belongs to the language model, the signature is also consistent with
the backbone deciding which models have sinks (§ [3.2).

Gemma-4. Gemma-4’s sinks carry the same signature but play a
different role. Shrinking the image until the whole prompt fits in-
side the sliding window moves a third to half of the question’s atten-
tion in these layers back to the text, and attention on the strongest
image token falls by two thirds or more (§ [A.5). Its image sinks
therefore stand in for a text-sink the model cannot reach. Unlike
the sinks of the full-attention models, they carry values of ordinary
size and dominate the attention output of their layers, so the model

Table 3: AUC of each fea-
ture at separating visual atten-
tion sinks from other image
tokens, at the peak layer on
V*. Mean and min over sink-
bearing models.

does read them ($[A.7). Feature mean min
3.4 REMOVING THE SINKS LEAVES THE MODEL UNCHANGED hiﬁd‘in norm 57;(2)(1) 28560
—|lv . .
Removing visual attention sinks. Since the signature is a single — Ll 774 49.0
direction, a sink can be removed by editing its key along that direc- —logit std 78.4 65.0
tion. At each layer and key—value head, an image token passes the  raw key cos 99.0 94.0

gate when its centered cosine exceeds a threshold 7. (Equation 2).  centered key cos 99.9 99.0

If more than a fraction p of the layer’s image tokens pass, the align-
ment belongs to the image as a whole rather than to a few sinks, and
we leave the layer unedited. For each token that passes, we move
its component along % to the median over image keys,

k‘j — k‘j — (<k'j,12> — medianj/ez<k;j/,1l>) i, 3)

with 7. = 0.5 and p = 0.02 for all models. In the full-attention models, any 7. from 0.4 to 0.9 gives
the same edit (§ [A.6). The target is the median rather than zero because the image keys as a whole
can sit at an offset along 4, as in Pixtral, where a key with zero component would still stand out
(§[A-4). Queries and values are untouched, so a gated token keeps its content and loses only its pull
through the sink direction.

Where the attention goes. In we report the effect of removing the sinks on the attention
map and on the output for all ten models We find that the attention the sinks held is borrowed
from the text-sink. In the four sink-bearing full-attention models, the edit raises the text-sink’s share
of question attention by 0.10 to 0.21, while attention on the target box stays where it was. Forcing

“HR-Bench gives the same results (Table 12)).
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Figure 4: Overview of the entropy-triggered re-look. (1) The key edit removes the visual attention
sinks from the prefill attention map. (2) The selector keeps the %—grid window with the most atten-
tion on the cleaned map. (3) When the next-token entropy first exceeds Hy after c tokens of thought,
the crop of that window is inserted into the chain of thought.

the freed attention onto the image instead raises target attention by up to 2.6 x but leaves accuracy
unchanged, and it disturbs the output more than the key edit does (§ [A.9).

Effect on the output. The model does not see the sinks. In the same four models, accuracy shifts
by at most three points and first-token KL from the unedited model is of order 10~3 nats. The
reason is that sinks pass on almost nothing. At the peak layer they hold 29% to 77% of the in-image
attention but supply only 3% to 16% of the attention output norm, since their values are small and
copy the text-sink’s value direction (§[A.7). Gemma-4 is the exception. As §[3.3|showed, the model
reads its image sinks, and removing them changes the output (KL up to 0.53) without clearing the
map, so we do not apply the edit to Gemma-4. On the sink-free InternVL3 the gate admits under one
token per image and the edit is an identity. On the two 2B sink-free models, the gate admits weakly
aligned tokens and costs up to seven points, and restricting the edit to the upper three quarters of
layers restores baseline accuracy.

Effect on the map. The attention map changes sharply. In the four sink-bearing full-attention
models, the largest single-token share of in-image attention falls by an order of magnitude, and the
most-attended image token, which never lay in the target box before the edit, lands in it on 16% to
72% of images afterwards (Figure 3)). The target gains no attention. It becomes the most-attended
image token because the sinks no longer outrank it.

4 METHOD

Section [3] showed that removing visual attention sinks leaves the model’s answers unchanged but
changes its attention map. The harm sinks do is therefore to anything that reads the map from
outside the model. We study this harm through a task where reading the map correctly matters. On
fine-detail questions, the evidence is often a small region of a large image, which the model may
see only at reduced resolution. As the model reasons toward an answer, it reaches points of high
uncertainty (Wang et al.}[20254), and zooming into the relevant region is known to improve accuracy
(Zhang et al., 2025a; |Shen et al 2025} [Zheng et al., [2026). Finding that region is a map-reading
problem, and § showed that the cleaned map places its most-attended token on the target far
more often than the raw map.

We combine the two in a training-free, entropy-triggered re-look that zooms into the region the
cleaned map selects at the moment the model becomes uncertain (Figure 4)). First, the key edit of
§[3-4removes the visual attention sinks from the attention map. The edit is applied only in a separate
prefill that reads the map, so the model that writes the answer is unedited. Second, a selector reads
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the cleaned map and picks the image window with the most attention (§[4.1)). Third, during chain-of-
thought decoding, a trigger waits for the first step where the next-token entropy exceeds a threshold,
then crops the selected window from the original image and inserts it into the trace (§4.2). Running
the same re-look on the raw map isolates the effect of the sinks.

4.1 SELECTING THE WINDOW

The selector reads the question-to-image attention a§ of|Equation 1|{from the edited prefill, averaged

over two layers near half depth where the map responds most to the question, a; = (af1 + afz )/2.
Because Gemma-4 reads its image sinks, its selector instead uses two full-attention layers, which
reach the text-sink and carry almost no image sinks, and skips the edit.

The window’s length is one-third of the side of the image-token grid. For tiled inputs, the tiles are
first stitched back together into one grid. From the set of all same-sized windows WV that lie within
the grid, the selector chooses the window with the highest aggregate attention by applying a softmax
over the region: W* = arg maxy;¢yy » jew 5 The window is mapped back to pixel coordinates,
padded by 20 pixels on each side, and kept fixed for the rest of the question.

4.2 TRIGGERING AND INSERTING THE CROP

The trigger decides when to insert the crop into the chain of thought. At every decoding step,
it computes the entropy of the next-token distribution over the full vocabulary, after temperature
scaling and before any top-k or top-p truncation. The crop is inserted at the first step where this
entropy exceeds Hy, provided at least ¢ tokens of thought have been generated and decoding is still
inside the thought channel. We use Hy = 1 nat and ¢ = 32. The trigger fires at most once per
question, and the token sampled at that step is kept.

At that step, we cut the selected window from the original pixels, so the crop is a zoom rather than
a thumbnail, and encode it with the model’s own image processor under the same budget cap as
the first image. We append it to the reasoning trace as an ordinary second image, with no special
positions or embeddings, followed by the text “Looking at this region again,” and decoding continues
with the same sampling state. An untriggered question decodes exactly as the baseline.

Every question costs one extra prefill of the original prompt for the selector, and each triggered
question adds one image encoding and one image-token block to the context. The weights are
unchanged, and the crop and its transition text are the only additions to the prompt.

5 EXPERIMENTS

5.1 SETUP

We run the re-look on the ten models of with frozen weights. Eight reason in a native
thinking mode, and we prompt the other two, the instruction models InternVL3-8B and Pixtral-12B,
to produce a chain of thought. We evaluate on V* and HR-Bench 4K and 8K, where the evidence is
a small patch of a large image, and on MME-RealWorld-Lite (Zhang et al., 2025c), which has 1,919
five-choice questions on high-resolution photographs, remote-sensing and monitoring imagery, di-
agrams, and driving scenes. Baseline and re-look runs share the sampling seed, so their traces are
identical up to the trigger and every difference after it comes from the crop. To isolate the effect
of the sinks, we repeat each run with the window selected on the raw map. We test each (model,
benchmark) pair with an exact McNemar test. Prompts and sampling details are in

5.2 RESULTS

Overall. In we report the baseline accuracy and the paired gain from one re-look for all
40 (model, benchmark) pairs. The re-look improves accuracy on all but one pair, by 4.3 points on
average. The gains concentrate on the fine-detail benchmarks, where the evidence is a small patch
of a large image, averaging 5.0 points on V* and HR-Bench against 2.1 on MME-RealWorld-Lite,
whose questions cover a wider range of tasks.
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Table 4: Base accuracy (%) and paired re-look gain. Clean A: crop selected on the sink-cleaned
map. Raw A: on the raw attention map. Shading scales with gain (green) or loss (red); T: p < .05
(exact McNemar, clean)

v+ HR-4K HR-8K MME-RW-Lite
Model Base Raw A Clean A Base Raw A Clean A Base Raw A Clean A Base Raw A Clean A
QOwen3-VL-Thinking

8B 791 +21 437 726 408 +4.1f 689 420 +4.4F 465 +1.0 +2.0f

4B 822 —21 426 741 —-05 409 674 +1.5 +51t 451 408 +3.4f

2B 702 +31 416 695 +3.0 +3.0f 639 +41 +3.1F 472 +21  +2.0f
InternVL3.5 (thinking)

8B 69.1 +7.3 489" 645 462 +6.1f 590 +7.8 +7.0f 487 +2.1 +31f

2B 586 9.9 +10.5f 624 +46 +4.2f 51.0 491 495" 442 +01 404
Gemma-4 (thinking; selector reads the raw map)

12B 759 - +6.87 764 - +4.6f 720 - +9.9f 525 - +2.8f

E4B 550 - +11.0f 68.1 - +19 624 - +5.0f 464 - +3.6"

E2B 508 - +58 663 - +1.3 579 - +6.67 448 - —0.5

Chain-of-thought prompted
InternVL3-8B 70.7 458 458 709 402 404 642 +54 +54F 488 +0.9 409
Pixtral-12B 487 +42 473 551 —21 +1.1 470 +0.6 +3.1 410 +1.4 3.7t

Mean (all) 66.0 - +6.4 68.0 - +2.8 614 - +5.9 465 - +2.1
Mean (with raw run) 684 +4.3  +58 670 +1.7 +28 602 +44 +54 459 +12 422

Raw versus cleaned map. The Raw columns of repeat each run with the window selected
on the raw map. Gemma-4 has no raw run, since its selector already skips the edit (§[4.1)). Over the
28 pairs with both runs, the cleaned map gains 4.1 points on average and the raw map 2.9, and the
whole gap comes from the models with sinks. In Qwen3-VL-8B, Qwen3-VL-4B, and Pixtral-12B,
the raw map gives back one to five points per pair, five pairs become significantly worse, and two,
Qwen3-VL-4B on V* and Pixtral-12B on HR-4K, turn from gains into losses. The difference is
where the crop lands. On Qwen3-VL-8B’s V* questions, the raw crop misses the target in 78% of
triggers and the cleaned crop in 10%. InternVL3.5-8B, whose sinks are the weakest of the sink-
bearing models, sits in between. On the sink-free models, the two maps pick nearly the same crops
and the gains match, with InternVL3-8B differing on at most four questions per set. The same split
holds on MME-RealWorld-Lite alone, at 2.2 points cleaned against 1.2 raw on average. Cleaning
matters where there is a sink to clean.

Image resolution. The re-look helps most when the first pass could not see the evidence clearly.
On V* and HR-Bench, Qwen3-VL, which has the largest image budget of the four families, gains
about 3 points on average, against about 7 for InternVL3.5 and Gemma-4-12B. Within Qwen3-VL,
all three sizes gain significantly on HR-8K, where the first pass sees about a third of the pixels, and
none does on V*, where the image already fits the budget. On a large image, the crop recovers pixels
the first pass discarded. On an image the model already saw in full, it offers only a second look at
the region, which is worth a few points at most.

Trigger coverage. An untriggered question decodes identically in both runs, so every gain comes
from the triggered subset. On V* and HR-Bench, the trigger fires on 60% to 78% of questions
for Qwen3-VL, 79% or more for InternVL3.5, 91% to 95% for Pixtral-12B, and 96% or more for
InternVL3-8B and Gemma-4. On MME-RealWorld-Lite, it fires on 91% or more for every model.

6 CONCLUSION

A visual attention sink is an image token whose key is aligned with the key of the language model’s
text-sink. This is the one feature that separates sinks from other image tokens in every family we
test. Removing the direction from an image key removes the sink and writing it onto an image key
creates one. The sink is inherited from the text-sink of the language model. When we remove it
the attention flows back to the text-sink and the model’s output does not change. Thus cleaning the
attention map is a single cheap key edit. Building on this we design an entropy-triggered re-look.
When a high-entropy token appears in the chain of thought the method crops the most-attended
region of the cleaned map and inserts it into the trace. This improves accuracy where the same crop
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method from the raw map does not. Since cleaning the map costs almost nothing the method can
also be used inside training pipelines to provide a grounding signal at no additional cost.

Al DISCLOSURE

In this work, we used generative Al tools for two purposes: (1) polishing the writing, (2) retrieval
and discovery of related work. We did not use generative Al tools for research ideation or research
execution, and the remaining disclosure categories are not applicable to this work.

We use Als for

* Improve the grammar, wording, and clarity of author-written text. All content, claims, and
technical details were written by the authors and every Al-edited passage was reviewed to
ensure that the original meaning was preserved.

* Al-assisted search tools were used to supplement our manual literature survey and reduce
the risk of overlooking relevant prior work. Every reference surfaced this way was inde-
pendently located, read, and verified by the authors before being cited.

We have reviewed all Al-assisted work and take full responsibility for the final content of this work,
including all text, claims, and artifacts produced with the aid of generative Al
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A SINK MEASUREMENTS ON V*

A.1 SETUP AND THE TEN MODELS

We measure every softmax attention layer and head on V*. Its target boxes cover 0.3 to 0.4% of
the image tokens, depending on the model’s tokenization. Prompts and image budgets are those
of Under those budgets a V* image is about 3,300 image tokens for Qwen3-VL and an
HR-Bench image about 12,400. InternVL3.5 runs under its R1 system prompt and Gemma-4 under
its thinking template. Every number below depends on that prompt. The accuracies in
and are greedy and letter-only with an empty thinking block, so they are not comparable
with the chain-of-thought accuracies of extends of the main text with the

text-sink position and share and with the localization columns.

Table 5: Text and visual sinks in ten models on V*, extending [Table 1} LM is the language-model
backbone. Text sink: the token index of the text sink and its share of the question’s attention. Visual
sink (peak layer): attention relative to uniform, count per image, share of the in-image attention
and the peak layer out of the model’s layer count. Target top-1€ B: the fraction of images whose
most-attended image token lies in the target box, at the peak layer and at the best layer.

Text sink Visual sink (peak layer) Target top-1€ B
Model LM position share Xxuniform perimage share layer atpeak bestlayer
Qwen3-VL-8B  Qwen3 0 74 1259 3.9 .66 30/36 .00 .80
Qwen3-VL-4B  Qwen3 0 .69 1049 4.9 73 29/36 .00 .82
Qwen3-VL-2B  Qwen3 0 15 163 2.7 A2 27728 .00 75
InternVL3.5-8B  Qwen3 0 .65 342 1.5 24 30/36 .14 .62
InternVL3.5-2B  Qwen3 0 17 151 1.0 .08  7/28 .00 .69
Gemma-4-12B  Gemma-4 2 .10 205 4.4 .63 43/48 .00 .66
Gemma-4-E4B  Gemma-4 2 21 444 2.7 .66 36/42 .00 .53
Gemma-4-E2B  Gemma-4 1 22 488 2.6 .81 28/35 .00 .24
InternVL3-8B Qwen2.5 2 .62 93 0.4 .02 13/28 .05 .76
Pixtral-12B Mistral 0 .49 2093 1.0 76 - 27/40 .00 .00

Text-sink position. The text-sink ¢* of §3|is fixed per model. In the full-attention models it is also
the text position with the largest share of the question’s attention at every layer from about a third
of the depth onward. Which position it is depends only on the backbone. Qwen3 (in Qwen3-VL
and InternVL3.5) and Mistral (in Pixtral-12B) use the first token, and Qwen2.5 (in InternVL3-8B)
uses a newline in the system prompt. The share is .62 to .77 in the full-attention models, except
Pixtral-12B at .49. Gemma-4 has only seven or eight full-attention layers. In those layers the sink is
the turn marker just after <bos>, at position 2 in Gemma-4-12B and Gemma-4-E4B and at position
1 in Gemma-4-E2B (Table 3. It takes .10 to .22 of the question’s attention, a sixth to a third of what
the other backbones give their sink.

Which models have visual sinks. At their peak layer Qwen3-VL-8B, Qwen3-VL-4B,
InternVL3.5-8B, Pixtral-12B and the three Gemma-4 sizes have image tokens at 200 to 2,100x
uniform attention. One to five such tokens take a quarter to four fifths of the in-image attention.
InternVL3-8B has only a faint version (93 uniform, 2% share). Qwen3-VL-2B’s tokens sit just
above 100x uniform and hold only a 12% share. In InternVL3.5-2B a single such token appears
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Figure 5: Sink attention across depth on V* for all ten models. Red: visual attention sink share of in-
image attention. Gray dashed: text-sink share of question attention. Dotted: peak layer. Gemma-4
reaches the text sink only in its full-attention layers (triangles). Title color marks the language-model
backbone (Qwen3, Gemma-4, Qwen2.5 and Mistral).

at layer 7. Its key lacks the signature of §3.3] (centered cosine —.03, AUC .42). It holds the same
share on every dataset and is gone from layer 8 on. Layer 7 is the first layer the peak-layer rule ad-
mits. By the 15% cut of this makes Qwen3-VL-8B, Qwen3-VL-4B, InternVL3.5-8B, Pixtral-12B
and the three Gemma-4 sizes sink-bearing and Qwen3-VL-2B, InternVL3.5-2B and InternVL3-8B
sink-free.

Query independence. Does the sink set depend on the question? We replace the V* question by
a generic prompt and recompute the late-layer sink set. It is almost unchanged (Jaccard overlap .73
to .92).

Sink depth. shows at which layers the visual attention sinks appear in each of the ten
models. Qwen3 sinks switch on near half depth and persist to the penultimate layer. Pixtral-12B has
one sink at a fixed grid position at every layer but the first few, and we call it the register. Gemma-4’s
sinks appear only in its sliding-window layers, where the text-sink is out of reach. In every model but
Pixtral-12B the sinks collapse in the last layer. Pixtral-12B’s register keeps a third of the in-image
attention there.

Localization depth. The raw-map curves of track where the most-attended image token
lands at each layer. In Qwen3-VL-8B localization peaks at mid depth and drops to zero once the
sinks take over. InternVL3.5-8B keeps localizing while its sinks grow. On the raw map Pixtral-12B
never localizes, and InternVL3-8B does from mid depth on. Gemma-4 localizes in its full-attention
layers, the only Gemma-4 layers the figure plots. At its sliding-window peak layer the most-attended
token is never in the box (Table 5). At the peak layer localization is .00 in six of the seven sink-
bearing models and .14 in InternVL3.5-8B (Table 5). At the best layer five of the seven sink-bearing
models reach .53 to .82 and Gemma-4-E2B reaches .24, while Pixtral-12B’s register stays on top at
every layer. This is why the selector reads mid-depth layers (§B).

A.2 THE FIRST QUARTER OF DEPTH

Why does the peak-layer rule of §3|skip the first quarter of each model’s depth? Localization is
weak there (the gray band of [Figure 8). In the first quarter the most-attended image token lies in the
target box on 0 to 9% of V* images in every model. The rate first reaches 20% between layers 9
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Table 6: Token features as detectors of visual sinks at each model’s peak layer on V*. Cells: pre-
cision at k / top-1 / AUC, where k is the number of sinks in the image. The three sink-free models
are below the rule. There the few tokens above 100x uniform (0.4 to 2.7 per image) stand in for the
sinks. The first two columns are the centered cosine between the token’s key and the text-sink key
and the same cosine without centering. The next five are the negated value norm, the
hidden-state norm, the key norm with both signs and the negated standard deviation of the token’s
attention logits. Apart from the key norm, every feature is signed so that a larger value is more
sink-like. Hidden norm is the feature of [Kang et al.|(2025b).

Model centered key cos  raw key cos —|jv]| hidden norm 1K —| &l —logit std

Qwen3-VL-8B .99/.98/1.00 .99/.96/1.00  .99/.94/1.00  .99/.93/1.00 .00/.00/.01  .23/.00/.99 .00/.007.69
Qwen3-VL-4B .99/.95/1.00 .99/.93/1.00  .99/.68/1.00  .98/.80/1.00 .00/.00/.28  .01/.00/.72 .007.00/.71
InternVL3.5-8B  .95/.70/1.00 .95/.66/1.00  .95/.73/1.00  .95/.61/.99 .00/.00/.01  .74/.28/.99 .00/.00/.90
Gemma-4-12B .61/.00/1.00 .61/.00/1.00 .00/.00/7.40 .00/.00/.93 .01/.00/.33  .18/.21/.68 .02/.00/.85
Gemma-4-E4B .18/.00/1.00 .04/.00/.99 .00/.00/.56 .00/.00/.44 .00/.00/.50  .00/.00/.49 .00/.00/.65

Gemma-4-E2B .07/.00/.99 .00/.00/.94 .00/.00/.08 .00/.00/.25 .06/.00/.46  .15/.12/.55 .00/.00/.69
Pixtral-12B 1.00/1.00/1.00  1.00/1.00/1.00 1.00/1.00/1.00 .00/.00/1.00 .00/.00/.00 1.00/1.00/1.00 1.00/1.00/1.00
sink-free by the 15% cut ; the tokens above 100X uniform stand in for the sinks

Qwen3-VL-2B .51/.307.99 .78/.73/1.00 .00/.00/.12 .00/.00/.21 .00/.00/.05  .00/.00/.95 .00/.00/.10
InternVL3.5-2B .00/.00/.42 .01/.00/.91 .00/.00/.75 .00/.00/.06  .00/.00/.87  .00/.00/.13 .00/.00/.48
InternVL3-8B .13/.09/1.00 .50/.35/1.00  .53/.45/1.00  .00/.00/.30 .00/.00/.24  .00/.00/.76 .00/.00/.30

and 17, and never in Pixtral-12B. Tokens above 100 x uniform do appear in the first quarter of every
model, with or without later sinks.

Without the rule the peak layer would fall in the first quarter for four models. On V* Qwen3-VL-2B
and InternVL3.5-2B would peak at layer 1, InternVL3-8B at layer 3 and Gemma-4-12B at layer 8.
The same four models move on both HR-Bench sets. Gemma-4-12B is the one sink-bearing model
among them. Its sliding-window layers carry sinks from layer 4 on, with a share comparable to the
late layers. The gate of § acts per layer, and the selector reads mid-depth layers (§ .1). The
method is therefore unaffected either way.

The centered cosine of the sliding-window sinks stays below .4 in the first quarter of Gemma-4-12B,
Gemma-4-E4B and Gemma-4-E2B. From mid depth on it settles at .5 to .8, the alignment reported
in § B3] Gemma-4’s early sinks are therefore not yet aligned with the text-sink key. We have
not tested whether the direction is carried up the residual stream from the full-attention layers. On
Gemma-4-12B, the one size whose late-layer keys are its own (§ [A.3), the gate does not flag these
early sinks. The selector never reads sliding-window layers on Gemma-4, so it never sees them.

A.3 DETECTORS

scores six token features as detectors of the attention-defined sinks at each model’s peak
layer. Each cell holds three numbers. Here k is the number of sinks in the image. Precision at & is
the fraction of the feature’s top-k tokens that are sinks. The top-1 entry asks whether the feature’s
top token is the most-attended one. AUC measures the separation of sinks from all other tokens, and
it can round to 1.00 while a sink still ranks only in the top 1% of three thousand tokens. We call a
feature a detector when its AUC is at least .99 in every sink-bearing model. Precision at k then asks
whether it also names the individual sinks.

The centered key cosine has an AUC of at least .99 in every sink-bearing model, and in the full-
attention families it also names the individual sinks. It is the one feature that meets the criterion. In
Gemma-4 the AUC stays high but precision is low. Other tokens there sit even closer to the weak
text-sink key and outrank the sinks. The raw key cosine matches the centered one in the full-attention
families and on Gemma-4-12B. On Gemma-4-E4B and Gemma-4-E2B its precision falls to .04 and
.00, and on Gemma-4-E2B the AUC falls to .94.

A low value norm finds the sinks in the Qwen3 backbones and Pixtral-12B. It does not find them
in Gemma-4, whose sinks have values of ordinary size. The hidden-state norm is the massive-
activation signature of [Kang et al.| (2025b)) and |Sun et al.| (2024). By the AUC criterion it passes
in the Qwen3 backbones and Pixtral-12B and fails in Gemma-4. In the Qwen3 backbones it also
names the individual sinks. In Pixtral-12B it does not, because the register is a massive activation
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but never the largest in the image and some border tokens outrank it (precision .00), just as other
tokens outrank the Gemma-4 sinks under the centered cosine. In hidden norm the Gemma-4 sinks
stay within a factor of two of the median at every depth. A massive activation is therefore one route
to the sink direction. It is not the only one. The key norm itself has AUC near 0 in Qwen3-VL-
8B, InternVL3.5-8B and Pixtral-12B, so the sinks have the smallest keys there and the negated key
norm separates them (AUC .99 to 1.00). It names them in Pixtral-12B and partly in InternVL3.5-
8B (precision .74) but hardly in Qwen3-VL-8B (.23). It fails in Qwen3-VL-4B (AUC .72) and in
Gemma-4. The logit spread separates the sinks only in Pixtral-12B.

The rows of the three sink-free models describe 0.4 to 2.7 tokens per image above 100X uniform.
The centered cosine separates them in Qwen3-VL-2B and InternVL3-8B (AUC .99 and 1.00) but
not in InternVL3.5-2B (.42), whose single layer-7 token lacks the key signature (§A.T).

Gemma-4-E2B and Gemma-4-E4B share keys and values across their last 20 and 18 layers (from
layers 15 and 24), so their peak-layer keys are those of an earlier layer. Only Gemma-4-12B has
its own keys at its peak layer. The key and value features in the Gemma-4-E4B and Gemma-4-E2B
rows of are therefore those of layers 24 and 15, scored against the attention of layers 36 and
28.

A.4 KEY INTERVENTIONS

Table 7 gives the numbers behind the causal claim of §3.3] We run two interventions on Qwen3-VL-
8B, Qwen3-VL-4B, InternVL3.5-8B and Pixtral-12B at each model’s peak layer on 20 V* images.
Remove projects 4 out of the key of every image token whose cosine to 4 exceeds .5. This cosine
is uncentered, unlike the gate of §3.4] which is why the counts below differ from those of §A.6|
The table lists those tokens’ in-image share before and after. The control projects out a random
unit direction instead. On these 20 images the gate admits five tokens per image on Qwen3-VL-8B,
seven on Qwen3-VL-4B and one on Pixtral-12B. Fifteen of the 20 images have such a token on
InternVL3.5-8B. Align takes k = 8 random image tokens and sets their keys to the text-sink key.
The Align columns list their share before and after. The control sets their keys to a random key of
the same norm.

Table 7: Key interventions at the peak layer on 20 V* images. Remove: in-image share of the gated
tokens before and after projecting out u, with a random unit direction as the control. Align: share of
k=8 random image tokens before and after setting their keys to k;», with a random key of the same
norm as the control. Median target: the u-component of the edited keys, in the Remove edit and in
the Align random-key control, is moved to the population median instead of zero.

Remove Align
Model Layer before —4 —random before := ki random key
Qwen3-VL-8B 30 .68 .00 .66 .00 97 .04
Qwen3-VL-4B 29 5 .00 74 .00 .95 .00
InternVL3.5-8B 30 .36 .00 35 .00 .96 .09
Pixtral-12B 27 49 25 49 .00 91 .64
median target 27 49 .00 49 .00 91 .01

On the three Qwen3 backbones projecting out & removes the sinks’ share entirely and the random
direction leaves it alone (Table 7). Random keys aligned with the text-sink key capture nearly all
the in-image attention. The full key edit of §3.4]behaves the same way at every layer. The removed
mass returns to the text-sink (text-sink column of [Table 2)).

Pixtral-12B’s image keys point away from the text-sink (centered cosine —.59 to 4 for the popula-
tion). A key with zero component along u therefore sits far above the population. With the projection
to zero, the register’s share only halves (.49 to .25). The same projection applied to random non-sink
tokens on the same images lifts their share from .00 to .56. It does nothing on Qwen3-VL-8B, whose
image keys sit near zero along . Moving the register’s component to the population median instead
removes it (.49 to .00), and the alignment control separates cleanly (.91 versus .01). The key edit of
therefore takes the median as its target.
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A.5 GEMMA-4: WHAT THE SLIDING WINDOW CANNOT REACH

Are Gemma-4’s image sinks a substitute for a text-sink that the sliding window cannot reach? The
released budget is 1,120 soft tokens, of which about 1,080 are image tokens on V*. At that budget
the text before the image lies more than one window back, so the question tokens cannot attend to it
in the sliding-window layers. repeats the sink measurements with the budget cut to 280 soft
tokens (261 image tokens). This puts the whole prompt inside the window. The run uses the same
100 V* images and the same prompt as the released-budget run.

At the released budget the image takes .51 to .60 of the question’s attention in these layers. With the
text in reach it takes .14 to .19, and .37 to .49 goes to the text before the image. The strongest image
token’s absolute attention drops three- to five-fold. Its share within the image changes little in two of
the three models (.37 to .35 in Gemma-4-E2B and .17 to .19 in Gemma-4-12B). In Gemma-4-E4B
it falls from .30 to .18. The attention spreads over the text before the image. The text-sink position
itself takes little of it. The image tokens of these layers therefore hold attention that the text would
absorb if it were reachable.

The count of tokens above 100 x uniform also falls. That threshold is not comparable across budgets,
because 100 uniform is a much larger share of the image at 261 tokens than at 1,080. The smaller
budget coarsens the image as well, so two things change at once.

Table 8: Gemma-4 sliding-window layers at 1,120 versus 280 soft tokens on 100 V* images, aver-
aged over heads, layers and images. Each cell reads released budget — reduced budget. The text
before image and image columns are shares of the question’s attention. The strongest image token’s
share of the question’s attention is fop-1, absolute, and its share of the in-image attention is fop-1,
share of image.

Model text before image image top-1, absolute  top-1, share of image
Gemma-4-E2B .00 — .38 .55 — .19 21 — .07 37 — .35
Gemma-4-E4B .00 — .37 b1 — .16 .16 — .03 .30 — .18
Gemma-4-12B .00 — .49 .60 — .14 .10 — .03 A7 — .19

A.6 HEADS AND THE GATE THRESHOLD

Does a head that sinks also localize? plots each head’s sink share against its attention on
the target at the peak layer. In every sink-bearing model the two are negatively correlated. This is
not mass conservation. The target box covers 0.3% of a V* image. A head that gives .8 of its image
attention to the sinks could still put its remaining .2 on the target at 50x uniform. Such heads sit
at 0.1x instead, below uniform. Heads that sink under half their image attention reach 10 to 30x.
Different heads sink and localize, as different layers do.

How much does the edit depend on 7.7 plots the precision and recall of the gate against the
attention-defined sinks (image tokens outside the target box above 100x uniform, as 7,
varies. In the full-attention families recall is 1.0 at every threshold from 0.4 to 0.9, so the gate never
misses a sink. Precision is flat over the same range, at .6 on Qwen3-VL and .8 on InternVL3.5. Any
threshold in the band gives the same edit. We use 0.5. Below 0.4 the gate admits ordinary tokens
and precision collapses. On Qwen3-VL-8B it admits 17 per image at 0.4 and 84 at 0.3.

Which tokens does the gate admit inside the band? At 0.5 the gate of admits about seven
tokens per image on Qwen3-VL-8B (five on the 20-image subset of [Table 7). Four of them are sinks
by the 100x definition. The other three sit at 10 to 100x uniform with keys aligned just as tightly.
They are sinks below an arbitrary attention cut, and we want them removed too. Precision below 1
inside the band is therefore not a false-positive problem.

Pixtral-12B and Gemma-4 fall outside this picture. In Pixtral-12B the band admits about ten tokens
around its single register. Only 7. > 0.8 isolates the register. The extra tokens do no harm, since
the cleaned map still beats the raw one on Pixtral-12B (Table 4). Gemma-4 stays below .5 precision
at every threshold and loses recall beyond 0.7, which is a second reason, besides the output shift in
that the re-look selector skips the edit on Gemma-4 (§ {.1)).
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Figure 6: (a) Sink share vs. target attention per head at the peak layer on V*. Marker size is the head’s
share of image attention. (b) Precision and recall of the centered-cosine gate at threshold 7. against
the attention-defined sinks, one curve per sink-bearing model on V*. Shaded band: thresholds that
give the same edit. The paper uses 0.5.

The cap p = 0.02 is set by hand and not swept. It matters only below the band. At 7. = 0.3 the 84
admitted tokens are 2.5% of a 3,300-token image. That is above the cap, so the layer is left alone.

A.7 WHAT THE SINKS CONTRIBUTE TO THE OUTPUT

Does the attention a sink receives reach the output? A large attention weight is not a large contri-
bution. The output for query 7 is > ; @ijvj, so a token with a near-zero value adds little however
much attention it gets. A value aligned with the text-sink’s adds in a direction the text-sink already
supplies. In the full-attention families a sink’s value has both properties. Its norm is under a tenth
of the image median and close to the text-sink’s own value norm. The cosine between its direction
and the text-sink’s value direction is .7 to .8, against a population median of —.1. At each model’s
peak layer and in each head we measure the norm of the visual attention sinks’ contribution relative
to the full output. We also record the cosine between the output with and without that contribution

In the full-attention families the sinks take .29 to .77 of the in-image attention but supply .03 to
.16 of the output norm. Removing their contribution barely rotates the output (cosine at least .98).
HR-Bench gives the same picture (§ [A-12). On the three sink-free models the tokens above 100x
uniform take .02 to .16 of the in-image attention and .01 to .03 of the output norm. A FastV-style
pruner (Chen et al.| [2024) ranks image tokens by attention at layer 20 and keeps the top half or
quarter from layer 21 on. Ranked on the raw map it keeps the sinks, and ranked on the cleaned
map at one quarter it drops them. Qwen3-VL-8B’s V* accuracy is .73 in every setting with perfect
answer agreement, so dropping the sinks outright changes nothing either.

Gemma-4’s sliding-window layers cannot reach the text-sink, and its visual attention sinks have
values of ordinary size. Their readout is 1.00 to 1.20, so they supply the dominant share of the
output. Removing them rotates the output (cosine .02 to .67). The same attention pattern is inert in
the full-attention families and load-bearing in Gemma-4.

A.8 MASKING INSTEAD OF EDITING

If the sinks are just the most-attended image tokens, can a reader of the map drop them without
touching the model? tests this on the raw maps. At each upper-half layer we zero every
image token above 100x uniform (or above 10x) without knowledge of the target box. We then
recompute top-1 localization on 100 V* images. In the Qwen3 backbones the mask recovers less
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Table 9: Visual-sink contributions to the attention output at the peak layer on V*. The attention
column is the sinks’ share of the head’s in-image attention at the peak layer, averaged over heads. It
therefore differs slightly from the share in which is read from the head-averaged map. The
readout columns divide the contribution norm by the full output norm, for the visual sinks and for
the text sink ¢*. A readout above 1 means the other contributions partly cancel the sinks’. The cos
column is the cosine between the output with and without the sink contribution. The three sink-free
models are below the rule, with their tokens above 100 x uniform in place of the sinks.

Model attention  readout: sinks  readout: t* cos
Qwen3-VL-8B .70 A1 .66 994
Qwen3-VL-4B 75 13 .52 991
InternVL3.5-8B .29 .03 .38 .999
Pixtral-12B 77 .16 .49 983
Gemma-4-12B .62 1.20 .00 .67
Gemma-4-E4B .65 1.00 .00 41
Gemma-4-E2B .80 1.07 .00 .02
Qwen3-VL-2B .10 .03 .55 .999
InternVL3.5-2B .16 .03 43 .999
InternVL3-8B .02 .01 41 1.000

than half of the key edit’s gain. The sink-free models lose localization under the mask. There 25%
to 86% of the tokens above the threshold lie inside the target box (in-box column), so masking them
masks the target. The key edit moves the sink-free models by at most .05. The 10x threshold
is worse on every model but InternVL3.5-8B, since target tokens sit at 10 to 100x uniform. On
Gemma-4 every column is near zero because most upper-half layers use a sliding window and never
localize. Over its full-attention layers alone the raw map localizes on .08 to .17 of images. The
100x mask changes this by at most .05, the 10x mask lowers it to .04 to .08, and the key edit raises
it to .17 to .31. The re-look does not edit Gemma-4’s keys (§ @.1)).

Table 10: Share of V* images whose most-attended image token lies in the target box. The columns
give the raw map, the map after masking (every token above 100x or above 10x uniform zeroed)
and the map after the key edit. In box is the share of the > 100x tokens inside the target. Numbers
average the upper-half layers on 100 images, so the key-edit column is not the value of The
Gemma-4 rows average all upper-half layers, sliding-window layers included.

Model raw masked > 100x  masked > 10x  key edit in box
Qwen3-VL-8B .00 .20 .10 45 5%
Qwen3-VL-4B .00 17 .10 .39 3%
InternVL3.5-8B .00 18 .28 .66 2%
Pixtral-12B .00 .09 .03 .14 0%
Qwen3-VL-2B 22 .18 .05 17 25%
InternVL3.5-2B .57 47 .05 .56 86%
InternVL3-8B .62 .50 .05 .61 85%
Gemma-4-12B .03 .04 .10 .03 1%
Gemma-4-E4B .03 .03 .02 .04 0%
Gemma-4-E2B .02 .02 .02 .07 0%

A.9 REDISTRIBUTION INSTEAD OF REMOVAL

Does forcing the sinks’ attention onto the image help the answer? The redistribution of Kang et al.
(2025b) keeps the sinks and moves their attention. At every language-model layer during prefill
the attention on gated tokens is spread over the remaining image tokens in proportion to their own
attention. We run two variants, one in all heads and one only in heads that put more than half their
attention on the image. On Qwen3-VL-8B this raises absolute target attention by up to 2.6 x and
restores localization at the layers that hold the sinks. InternVL3.5-8B’s target attention doubles or
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triples. Accuracy stays flat on both models for both variants. Agreement (.89 to .97) and KL (.01 to
.09) show that redistribution disturbs the output more than the key edit.

A.10 THE EDIT ALONG A CHAIN OF THOUGHT

Does the first-token KL of stay small along a full trace? We generate greedy chains of
thought of up to 192 tokens from InternVL3.5-8B and Pixtral-12B on 60 V* questions with the edit
applied at every step. Each trace is scored against the base model’s trace. The control is the unedited
model rerun with SDPA in place of the eager attention kernel. Per position the teacher-forced KL
stays at a few 1072 nats along the whole trace (Figure 7). This is an order of magnitude above the
kernel control and shows no upward trend.
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Figure 7: Per-position KL along the base model’s chain-of-thought trace with the key edit applied at
every step (solid) against a kernel-only control (dotted). InternVL3.5-8B and Pixtral-12B on 60 V*
questions, greedy chains of up to 192 tokens.

A.11 THE 2B MODELS

The key edit costs Qwen3-VL-2B 7 points on V* (.68 to .61, and 13 to 14 points on HR-
Bench (Table 12). InternVL3.5-2B loses 3 points on V*. Why does the edit hurt them? The sparsity
cap and median target of § [3.4] guard against layers where the whole image-key population carries
a small component along . Shifting that component can turn repulsion into attraction and create a
new sink. Qwen3-VL-2B and InternVL3.5-2B sit at the edge of that guard. In InternVL3.5-2B the
gate admits weakly aligned non-sink tokens. Qwen3-VL-2B is hurt more. At layer 2 its gate admits
tokens with a small & component, and moving them to the median creates a new concentration at
nearly 1,000x uniform. Restricting the edit on Qwen3-VL-2B to the upper three quarters of depth
restores accuracy to .65. A second unedited run scores .66, so this is within run-to-run variation.
Agreement is .98 and KL is .008. For small models the edit should be depth-restricted.

In the re-look the key edit is applied only in the prefill that selects the crop, and the generation
passes run on the unedited model. The accuracy loss above therefore does not enter [Table 4 On
Qwen3-VL-2B the edit can only move the window.

A.12 THE SAME MEASUREMENTS ON HR-BENCH

Do the V* measurements hold on HR-Bench? We repeat the measurements of on the first
50 distinct images of HR-4K and of HR-8K with the same budgets and prompts. The 800 questions
of each set share 151 images. HR-Bench has no target boxes, so the box columns are absent and a
sink is defined by the 100x threshold alone. gives the sink measurements and [Table 12]the
key edit. Detector AUC and value readout match V* to within the rounding of [Table 6and [Table 9

We do not reproduce those two tables for HR-Bench. On the four sink-bearing full-attention models
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the key edit acts as it does on V*. Gemma-4-12B and Qwen3-VL-2B are the exceptions, and the
removal paragraph below says how they differ.

Table 11: Text and visual sinks on the first 50 distinct images of HR-4K and of HR-8K. Columns as
in without the LM, position, layer and target columns. The visual-sink columns are read at
the peak layer. n is the number of image tokens per prompt.

HR-4K HR-8K
Model n t* share xunif. perimage share n t* share xunif. perimage share
Qwen3-VL-8B 12194 72 4626 6.1 .69 12416 71 4659 6.1 71
Qwen3-VL-4B 12194 .67 3468 7.6 76 12416 .67 3675 8.1 78
Qwen3-VL-2B 12194 74 1096 5.5 17 12416 75 1366 6.4 .20
InternVL3.5-8B 2555 .64 652 2.5 41 1987 .65 314 1.8 28
InternVL3.5-2B 2555 .76 143 1.6 .10 1987 77 110 0.9 .07
Gemma-4-12B 1088 .10 192 4.4 .62 1090 .10 192 4.5 .62
Gemma-4-E4B 1088 21 417 2.7 .66 1090 21 397 2.7 .67
Gemma-4-E2B 1088 22 525 2.7 .83 1090 22 481 2.8 .82
InternVL3-8B 2555 .60 126 1.1 .07 1987 .61 89 0.6 .04
Pixtral-12B 3919 48 3063 1.7 79 0 2742 49 2093 1.0 78

The sink-bearing split of [section 3|is made on V*. On HR-Bench Qwen3-VL-2B’s peak share rises
to .17 and .20 and crosses the 15% cut. This goes with the larger accuracy loss of the all-layer edit
reported below.

Detectors. At the peak layer the centered key cosine keeps near-perfect AUC on every sink-
bearing model on both sets. The family-level pattern of precision and of hidden-norm AUC matches
[Table 6|

Value side. The sinks’ share of the output matches the V* values of to within .01 on every
model and dataset. This includes the large Gemma-4 contribution.

Table 12: The key edit on the first 50 distinct images of HR-4K and of HR-8K. Columns as in
Table 2| without the box and caption columns. Gate off means the gate admits under one token per
image, so the edit is an identity.

HR-4K HR-8K

Model max;r; textsink accuracy agreement KL max;r; textsink accuracy agreement KL

Qwen3-VL-8B .25 — .02 .54 — .64 .72 — .72 .99 .001 .24 — .02 .54 — .65 .68 — .67 .99 .001
Qwen3-VL-4B .21 — .03 .51 — .65 .74 — .74 97 .000 .22 — .03 .51 — .65 .69 — .69 .99 .000
Qwen3-VL-2B .02 — .02 .60 — .59 .71 — .57 74 017 .02 — .02 .61 — .59 .72 — .59 18 .024
InternVL3.5-8B .31 — .04 .42 — .63 .73 — .72 98 .000 .33 — .04 44 — .64 .69 — .70 .99 .000
InternVL3.5-2B .04 — .04 .62 — .61 .76 — .76 .87 .002 .04 — .04 .63 — .63 .62 — .63 .90 .008
InternVL3-8B gate off .46 — .46 .78 — .77 .99 .000 gateoff .47 — .47 .73 — .74 98 .001
Pixtral-12B .56 — .02 .38 = .49 .61 — .60 95 .003 .59 — .02 .39 — .50 .53 — .52 .96 .002

Gemma-4-12B .15 — .12 - .67 — .68 .89 002 .15 — .14 - .54 — .57 17 .085
Gemma-4-E4B .30 — .27 - .66 — .62 94 .001 .30 — .27 - .58 — .56 95 .001
Gemma-4-E2B .40 — .38 - .60 — .59 93 .000 .38 — .36 - .54 — 51 .93 .001

Removal. On Qwen3-VL-8B, Qwen3-VL-4B, InternVL3.5-8B and Pixtral-12B the edit clears the
map and leaves the answers alone (Table 12). The freed mass goes to the text-sink, whose share rises
by .10 to .21 on those four models. On InternVL3-8B the gate admits under one token per image.
The map does not move on Gemma-4. Its output is close to unchanged on HR-4K (KL at most .002,
though Gemma-4-E4B loses four points of accuracy) and shifts on HR-8K for Gemma-4-12B (KL
.085, agreement .77). That value is far below the V* KL of .531 for the same model. We have not
traced this gap. The re-look does not edit Gemma-4’s keys (§ 4.1), so it does not enter [Table 4 On
Qwen3-VL-2B the degradation grows with input length. The longer sequences admit many more
tokens through the gate, and the all-layer edit costs over ten points while the map does not change.
The depth-restricted edit of § is the form to use on this model.
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B SELECTOR LAYERS

Which layers carry a question-dependent map? For Qwen3-VL-8B we sweep all 36 layers on 150
images. The images come 30 each from Geo3K, RealWorldQA, V*, VMCBench and MMVP. At
each layer we compute the question-to-image attention map under the real question and again under
an unrelated prompt. The statistic is the overlap of the eight most-attended image tokens between
the two maps. A low overlap means the map depends on the question. It is lowest at layers 18 to
21 (we do not plot the sweep). We take the two ends of this band, layers 18 and 21. The choice
predates the main experiments and is not tuned per benchmark. Thirty of the 150 sweep images are
V* images, so the layer choice has seen part of the V* set. The sweep statistic uses neither the target
boxes nor the answers.

The other full-attention models use the same relative depths of about .5 and .58 and are not searched
separately. lists the resulting layers for every model.

Table 13: Selector layers per model. The selector averages the head-averaged question-to-image
attention of these two layers (§ d.I). The number after the slash is the count of language-model
layers. The other full-attention models read the cleaned map at the same relative depths as Qwen3-
VL-8B. The Gemma-4 rows list full-attention layers, which the selector reads on the raw map.

Model layers / total

Qwen3-VL-8B 18,21/36
Qwen3-VL-4B 18,21/36
InternVL3.5-8B 18,21/36
Qwen3-VL-2B 14,16/28
InternVL3.5-2B 14,16/ 28
InternVL3-8B 14,16/28
Pixtral-12B 20,23/40

Gemma-4: full-attention layers, raw map
Gemma-4-E2B 19, 24
Gemma-4-E4B 17,23
Gemma-4-12B 23,29

On Gemma-4 the selector reads only full-attention layers (§ [4.1). These lie five or six layers apart,
so relative depth does not carry over. We take the adjacent pair of full-attention layers whose crop
hits the target most often on 60 V* images. These 60 images are part of the V* evaluation set, so
Gemma-4’s V* column in is not fully held out. Its HR-Bench and MME-RealWorld-Lite
columns are.

Does the cleaned map localize at the chosen layers? plots top-1 localization per layer on
V* for the raw and the cleaned map, with the selector layers marked. Every full-attention model but
Pixtral-12B has a selector layer at which the cleaned map puts its most-attended token in the target
box on .68 to .84 of V* images. This is within .05 of the model’s best layer past the first quarter
of depth. Pixtral-12B reaches .37 at layer 20 and .45 at its best layer, layer 19. These are per-layer

values read from averages over the probed layers, which is why its box column is
lower.

After the key edit the most-attended token still lands on the outermost row or column of the grid
several times more often than chance in the late layers of every model. The effect is strongest
in Pixtral-12B, where the tokens next to [IMG_BREAK] keep an alignment just under the gate
threshold at every layer past mid depth. At the Qwen3-VL selector layers the border rate is at
chance. No run in this paper corrects for this effect.

C EXPERIMENTAL DETAILS

Models and prompts. Every model receives the image followed by the question and its lettered
options, verbatim from the benchmark. One answer-format sentence closes the prompt and depends
on how the model reasons. The native thinking models are asked only for the letter. They reason
in their own thinking channel. Qwen3-VL-Thinking uses its default chat template with no system
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Figure 8: Per-layer top-1 localization on V* for the raw map (dashed) and the cleaned map (solid).
Here top-1 localization is the fraction of images whose most-attended image token lies in the target
box. The shaded area between the curves is the gain from the key edit. Dotted lines mark the selector
layers. The gray band is the first quarter of depth, which the peak-layer rule skips. Gemma-4 shows
full-attention layers only (triangles).

Thinking models: {image} {question}\nPut only the letter of the correct
option inside \boxed{}.

Chain-of-thought prompted models: {image} {question}\nThink step by step, then
put only the letter of the correct option inside \boxed{}.

Transition after the spliced crop: {crop} Looking at this region again,

Figure 9: Prompts used in every run. The native thinking models receive the first line. Qwen3-VL-
Thinking (8B, 4B and 2B) uses its default chat template with no system prompt. For InternVL3.5
(8B and 2B) the R1 system prompt of its model card switches on the thinking channel. Gemma-4
(12B, E4B and E2B) runs its default chat template with enable_thinking=True. InternVL3-
8B and Pixtral-12B have no thinking channel and receive the second line. The third line follows the
spliced crop.

prompt. For InternVL3.5 the R1 system prompt of its model card switches on the thinking channel.
Gemma-4 runs through its template with thinking enabled. InternVL3-8B and Pixtral-12B have no
thinking channel and are asked to think step by step in the answer. MME-RealWorld-Lite has five
options (A to E) and the same wording. gives the exact strings.

Image budgets. Qwen3-VL-8B, Qwen3-VL-4B and Qwen3-VL-2B see at most 16,384 patches
of 282 pixels (12.8 Mpix). InternVL3.5-8B, InternVL3.5-2B and InternVL3-8B keep their default
dynamic tiling of up to 12 tiles of 4482 pixels. Pixtral-12B uses its processor default of a 1,024-pixel
longest edge. Gemma-4 runs at its maximum of 1,120 soft tokens. HR-4K and HR-8K images have
medians of 16 and 39 Mpix, against 3.4 Mpix on V*.

Sampling and trigger. Sampling uses temperature 0.6 with top-p 0.95, top-k 30 and min-p 0.001.
Generation is capped at 4,096 new tokens. The seed is the question index. The re-look is triggered at
entropy Hy = 1 nat after at least ¢ = 32 tokens of thought (§ &.2). The selector reads two mid-depth
layers per model with the key edit at 7. = 0.5 and p = 0.02 (§ B4). The edit is
applied only in the prefill that selects the crop. On Gemma-4 the selector reads two full-attention
layers without the edit. The window is a third of the grid on each side, padded by 20 pixels.
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Trigger coverage. [lable 14|gives the per-model trigger rates. For six of the ten models the trigger
fires on more than 90% of questions on every benchmark. On those models the method is close to
an unconditional re-look. We do not report an always-trigger or random-step control.

Table 14: Fraction of questions (%) on which the re-look is triggered, per model and benchmark.
V* has 191 questions, HR-4K and HR-8K 800 each, MME-RealWorld-Lite 1,919. Same runs as
Table 4

Model \%A HR-4K HR-8K MME-RW-Lite
QOwen3-VL-Thinking
8B 59.7 60.1 73.1 90.9
4B 65.4 65.4 74.9 94.2
2B 72.3 71.8 78.2 92.5
InternVL3.5 (thinking)
8B 79.6 79.9 83.9 91.0
2B 100.0  100.0 100.0 100.0
Gemma-4 (thinking)
12B 99.5 98.2 99.1 99.6
E4B 99.5 99.1 99.8 99.3
E2B 97.9 98.4 98.6 99.0
Chain-of-thought prompted
InternVL3-8B  96.3 97.9 97.5 98.3
Pixtral-12B 95.3 91.4 93.0 96.5

Paired comparisons. gives the per-question counts behind the gains of Each
cell counts the discordant questions between the re-look on the cleaned map and a reference run.

Against the base run the re-look wins 1,997 discordant questions and loses 1,181 over the 30 (model,
benchmark) pairs on V* and HR-Bench, a ratio of 1.7. Against the raw map the cleaned map is
significantly better in seven of the 28 pairs that have a raw run and never significantly worse. Five
of the seven are on V* and HR-Bench. The last two columns show where the crops land on V*. A
crop counts as a hit when it contains the center of a target box. On Qwen3-VL-8B the cleaned map
hits on .90 of triggered questions and the raw map on .22. On the three sink-free models the raw
map hits as often as the cleaned map or slightly more often (.82 against .76 on Qwen3-VL-2B).
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Table 15: Paired comparisons behind For every model and benchmark, wins/losses counts
the questions the re-look with the cleaned map answers correctly and the reference answers wrongly,
against the reverse. The reference is the base run (base) or the same re-look with the crop selected
on the raw map (raw). ¥ marks p < .05 under the exact McNemar test. The last two columns give
the V* crop-hit rate on triggered questions for the cleaned and for the raw map. A crop hits when
it contains the center of a target box. Gemma-4’s selector reads the raw map, so its one hit rate is
listed under cleaned and it has no raw columns. V* has 191 questions, HR-4K and HR-8K 800 each,
MME-RealWorld-Lite 1,919. Same runs as

V* HR-4K HR-8K MME-RW-Lite  V* crop hit

Model vs. base vs.raw vs.base vs.raw vs.base vs.raw vs.base vs.raw cleaned raw
QOwen3-VL-Thinking

8B 9/2 714 517187 40/13% 65307 41/22F 114775 83/64 92 22

4B 11/6 134 3023 3221 62/217 59/30"  144/79"  118/68" 89 .08

2B 411 47 58347 12712 71461 16/24  159/1207  38/40 76 .82
InternVL3.5 (thinking)

8B 23/61 52 651160 17/18 86301 10/16 172/113% 9577 88 .80

2B 34147 43 108/747  8/11  142/667  12/9  189/181  57/51 81 .81
Gemma-4 (thinking)

12B 22/91 - 88/517 - 122/43t - 200/147F - .84 -

E4B 38/171 - 96/81 - 108/68" - 216/146f - 75 -

E2B 33/22 - 83/73 - 12774 - 182/191 - 50 -
Chain-of-thought prompted

InternVL3-8B  21/10  0/0  85/82 10 1217787 22 226/208 9/9 91 91

Pixtral-12B 30/16  13/7  83/74 60/34T 111/86 58/38 253/182" 152/1077 38 .13
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