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Abstract

Multimodal large language models (MLLMs) have
achieved remarkable progress on various vision-language
tasks, yet their visual perception remains limited. Humans,
in comparison, perceive complex scenes efficiently by dy-
namically scanning and focusing on salient regions in a se-
quential “blink-like” process. Motivated by this strategy,
we first investigate whether MLLMs exhibit similar behav-
ior. Our pilot analysis reveals that MLLMs naturally attend
to different visual regions across layers and that selectively
allocating more computation to salient tokens can enhance
visual perception. Building on this insight, we propose
Blink, a dynamic visual token resolution framework that em-
ulates the human-inspired process within a single forward
pass. Specifically, Blink includes two modules: saliency-
guided scanning and dynamic token resolution. It first esti-
mates the saliency of visual tokens in each layer based on
the attention map, and extends important tokens through a
plug-and-play token super-resolution (TokenSR) module. In
the next layer, it drops the extended tokens when they lose
focus. This dynamic mechanism balances broad exploration
and fine-grained focus, thereby enhancing visual perception
adaptively and efficiently. Extensive experiments validate
Blink, demonstrating its effectiveness in enhancing visual
perception and multimodal understanding.

1. Introduction
Multimodal large language models (MLLMs) have rapidly
emerged across various downstream fields, including com-
puter vision and natural language processing [1, 4, 10, 26,
41]. By coupling a vision encoder with a projector that
maps visual features into the language space of the fol-
lowing large language models (LLMs), MLLMs effectively
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Figure 1. Comparison of the conventional post-hoc paradigm for
enhancing salient regions, and our propose Blink. Blink shifts at-
tention across salient regions over layers, achieving dynamic vi-
sual perception enhancement.

unify visual and textual representations [2, 28, 32]. This ar-
chitecture has demonstrated impressive performance across
a wide spectrum of multimodal tasks, including text genera-
tion, visual understanding, and cross-modal reasoning. De-
spite these advances, MLLMs still struggle with insufficient
visual perception capabilities [11, 45], often resulting in in-
correct answers or hallucinated explanations [5, 15, 22, 42].
Compared with LLMs, MLLMs take additional visual in-
puts and thus need to reason over both linguistic and visual
information, making their performance on multimodal tasks
highly dependent on visual perception. However, current
MLLMs still adopt the conventional LLM architecture for
downstream task execution, lack of explicitly enhancing or
leveraging salient visual regions [6, 46, 52]. Therefore, it
is imperative to investigate their visual perception to reveal
potential risks in downstream applications.

Unlike naive textual understanding, humans perceive vi-
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sual scenes through a progressive and dynamic process.
They first glance the entire image, then fixate on salient re-
gions, and subsequently shift attention to new areas when
the current focus becomes uninformative, as studied in
cognitive and visual neuroscience [12, 18, 23, 36]. This
dynamic process, reminiscent of a rapid “blink” between
salient regions, enables humans to efficiently integrate vi-
sual information through sequential attention shifts. In-
spired by this principle, it is quite promising to equip
MLLMs with a similar capability that detects and selects
salient regions, adaptively expands attention on them, and
shifts focus as needed, thereby progressively guiding the
model toward the most informative areas.

To explore a possible solution, we conduct a pilot analy-
sis of MLLMs’ visual information processing behavior and
uncover two key insights, across and within transformer
layers. Across layers, the attention weights vary substan-
tially, suggesting that different layers focus on distinct vi-
sual regions with varying attention sharpness. Within a
layer, we find that increasing computation for high-attention
visual tokens, such as replicating salient regions, effectively
enhance the visual perception capability. These findings re-
veal that MLLMs possess an inherent ability to attend to di-
verse regions across layers and improve visual understand-
ing by allocating more computation to salient tokens. Re-
cent approaches have attempted to identify salient regions
by utilizing attention maps or post-hoc selection modules,
and improve visual perception through two or more forward
pass [9, 27, 45, 49, 51]. However, since an image often con-
tain multiple salient regions, these post-hoc methods typi-
cally only support focusing on one salient region, thereby
limiting both flexibility and efficiency. It raises a natural
question: How can we dynamically enhance the visual per-
ception capability of MLLMs within one forward pass?

Building upon these observations, we propose Blink, a
dynamic visual token resolution framework that emulates
human-like scanning and focusing within a single forward
pass of MLLMs. Inspired by the human strategy of alternat-
ing between broad visual exploration and fine-grained atten-
tion, Blink is designed to dynamically allocate more tokens
to salient visual regions, enhancing multimodal understand-
ing without multiple inference steps. Specifically, it con-
sists of two synergistic modules: saliency-guided scanning
and dynamic token resolution. In the inference process, it
first scans the attention map to estimate the saliency of vi-
sual tokens, and then expands the selected salient regions
through a trained amplifier token super-resolution module.
As attention shifts away, the corresponding visual tokens
are pruned, allowing a dynamic balance between wide-area
scanning and detail focusing. As shown in Fig. 1, by mim-
icking this human-like perception strategy, Blink leverages
the inherent non-uniformity of attention across transformer
layers, enabling adaptive enhancement of visual perception

and improving overall model performance.
We conduct experiments on LLaVA-1.5 [32] across

seven vision-language benchmarks. Our method achieves
consistent performance improvement compared with the
backbone model, demonstrating notable gains in visual per-
ception and understanding. Even in the variant where
the token super-resolution module is replaced with simple
training-free interpolation and only the inference pipeline
is retained, Blink still surpasses the backbone, confirming
the effectiveness of our dynamic framework. Furthermore,
comprehensive analyses highlight the contributions of key
modules and design choices, while providing insights into
the underlying mechanisms of our approach.

In summary, our contributions are threefold:
• Key Insights. We reveal two previously overlooked prop-

erties of MLLMs, showing that the visual focus naturally
shifts across layers and selectively allocating computation
to salient regions yields stronger visual perception.

• Dynamic Framework. We propose Blink, a dynamic
visual token resolution framework that enables adaptive
enhancement of multimodal understanding by expanding
salient tokens and dropping less informative regions.

• Empirical Evaluation. We validate Blink across diverse
multimodal benchmarks, demonstrating consistent im-
provements in visual perception and establishing a simple
yet effective plug-in mechanism for enhancing MLLMs.

2. Preliminary
2.1. Architecture of MLLMs
An MLLM typically consists of a vision encoder Fv(·), a
projection network Fp(·), and a stack of transformer-based
decoder layers that serve as the LLM backbone. Given an
input image I → RH→W→3, a textual prompt T , and a sys-
tem prompt S, the vision encoder first extracts visual fea-
tures Ev = Fv(I) → Rh→w→d, which are projected into
the LLM embedding space as Ẽv = Fp(Fv) → Rh→w→d.
Meanwhile, the textual prompt with n tokens is embed-
ded as Et → Rn→d. Next, the hidden states are combined
as hs

(0) = concat(Ẽv, Et), and fed into L decoder lay-
ers. Each layer includes a multi-head self-attention (MHA)
module and a feed-forward network (FFN) with residual
connections. Finally, after all decoder layers, the last hid-
den states hs

(L) are mapped to the vocabulary space via
an output projection matrix WO → Rd→V , and normalized
by Softmax to produce the next-token probabilities. In this
way, LLM generates tokens in the form of auto-regression
based on both visual and textual inputs, integrating multi-
modal information at each step.

2.2. Key Insights
To better understand how MLLMs leverage multimodal in-
formation, we take a deep dive into model behaviors both
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Figure 2. Visualization of attention maps across layers. In the
right panels, lighter colors indicate higher attention from the last
text token, and red boxes mark the highest-attention regions.

Figure 3. Attention ratio across layers. Purple lines show the ratio
of the most attended region to total visual-token attention, and red
dots mark layers where the most attended region is correct.

across and within transformer layers. These studies reveal
two key insights into how MLLMs perceive and utilize vi-
sual information.
Key Insight 1: Attention weights are non-uniformly dis-
tributed across layers. Here, we explore how MLLMs dis-
tribute attention over image regions relevant to the text in-
put as the signals propagate across layers. Inspired by prior
studies that leverage attention maps to assess token impor-
tance [7, 8, 43, 47, 48], we analyze how attention distribu-
tions vary across layers in LLaVA-1.5-7B.

We first examine how attention patterns evolve across
layers when processing an image. In Fig. 2, we treat the
final text token as the query and compute attention weights
over all visual tokens. For visualization, the attention maps
in each layer are reshaped to H ↑ W to match the spatial
layout of the original image, and we highlight the region
with the highest cumulative attention weight. It is observed
that when multiple important targets exist in an image (e.g.,
the building and people in Case 1, or the object and dog
in Case 2), the attention does not remain fixed on a single

Figure 4. Performance on MME tasks when copying salient visual
tokens at different layers. Vanilla denotes the original LLaVA-1.5
performance, and Copy @14/16/18 indicates the layer at which
token copying is applied.

region. Instead, it progressively shifts its focus over differ-
ent regions across layers. This behavior indicates that the
model inherently possesses the ability to refine its attention
progressively and to switch focus among multiple objects.

Furthermore, we analyze how the attention ratio evolves
across layers, where the ratio is defined as the attention
weight of the most attended region relative to the total vi-
sual attention. As shown in Fig. 3, the purple curve tracks
this ratio across transformer depth, and red markers indicate
layers where the attended region corresponds to the correct
visual area. Two patterns emerge: (1) correct attention tends
to occur in the middle layers (approximately layers 12–26),
and (2) these layers show notably sharper attention distri-
butions, reflecting greater model confidence when focusing
on relevant regions. Taken together, the above analyses re-
veal our first insight that different transformer layers exhibit
distinct attention pattern, which progressively shift focus
across layers and differ in sharpness.
Key Insight 2: The computation on salient visual tokens
within a layer affects visual perception. Next, to inves-
tigate the effect of computation on salient visual regions
within a layer, we copy the visual tokens corresponding to
the highest-attention areas at a given layer. These copied to-
kens are interpolated to match the original sequence length
and inserted between the original visual tokens and the text
token embeddings in the hidden states. Subsequent layers
then process this extended sequence, effectively increasing
the computational focus on important regions.

Fig. 4 shows the evaluation on several perception and
cognition tasks in a representative benchmark, MME [17].
Specifically, it compares the performance of the vanilla
LLaVA-1.5 model with that of models where token copy-
ing is applied at fixed layers (14, 16, and 18). In the radar
plots, a larger enclosed area indicates better task perfor-
mance, clearly showing that when we copy salient visual
tokens at fixed layers, thereby increasing computation on
important regions, the performance improves across tasks.
These findings form our second insight that allocating more
computation to salient visual tokens within a layer can en-
hance the visual perception capability of MLLMs.
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Figure 5. Illustration of our proposed Blink. The left side shows the saliency-guided scanning that determines whether to expand or drop
visual tokens across transformer layers. The right side shows within-layer sequence reconstruction, where salient tokens are amplified by
the token super-resolution module.

These two insights reveal that MLLMs inherently adjust
their visual focus both across and within layers and that dy-
namically allocating computation to salient regions can fur-
ther enhance their perception capability. They motivate us
to design a framework exploiting these properties to achieve
adaptive visual perception enhancement.

3. Method
In this section, we propose the Blink framework. As shown
in Fig. 5, Blink comprises two modules: saliency-guided
scanning and dynamic token resolution, simulating human-
like rapid scanning and focusing, thereby it can enhance vi-
sual perception within a single forward pass in an efficient
and adaptive manner.

3.1. Saliency-Guided Scanning
As discussed in Sec. 2.2, salient visual tokens can be intu-
itively identified as those receiving higher attention scores.
Based on it, we calculate the saliency of each visual token
with respect to the last token of the text prompt using. At
each involved transformer layer L, we denote the hidden
states of the visual tokens and the final text token as hs(L)

v

and hs
(L)
tn , respectively. The corresponding key and query

representations are obtained through linear projections:

k
(L)
v = Kv(hs

(L)
v ), q

(L)
tn = Qt(hs

(L)
tn ), (1)

where Kv(·) and Qt(·) represent the key and query projec-
tion matrices of the MHA module. The saliency score S

(L)
v

of each visual token is then computed as the similarity be-
tween q

(L)
tn and k

(L)
v :

S
(L)
v = q

(L)
tn (k(L)

v )→. (2)

To recover the original spatial structure of the image, we
reshape the one-dimensional sequence of visual tokens into
a two-dimensional grid of size H ↑ W , corresponding to
the spatial layout of the input image. The grid is uniformly
divided into p ↑ p non-overlapping patches of equal size,
each with dimensions h ↑ w =

(
H
p

)
↑

(
W
p

)
. For each

patch ri, we compute its aggregated saliency as the sum of
token-level scores S(L)

ri =
∑

j↑ri
S
(L)
vj . The patch with the

highest aggregated saliency is identified as the most infor-
mative region at layer L.

Building on our insight that different layers exhibit dis-
tinct attention distributions, including variations in both the
most attended regions and the sharpness of these attention
peaks, we observe that the model progressively attends to
multiple potential regions of interest across layers, with
varying degrees of saliency concentration. Following this
observation, we further define a saliency ratio between the
most salient patch and all visual tokens:

ω
(L) =

S(L)
rmax∑
i S

(L)
ri

, (3)

where S(L)
rmax denotes the saliency of the most informative

patch at layer L. The saliency ratio ω
(L) quantifies the
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sharpness of the saliency distribution, reflecting how con-
centrated the attention is at a specific layer. Higher val-
ues of ω

(L) indicate a sharp and localized focus, whereas
lower values correspond to a more diffuse and exploratory
attention pattern. This ratio is further utilized in the follow-
ing dynamic token resolution module, enabling the model
to adaptively refine its visual focus by expanding salient
regions for detailed perception and dropping less informa-
tive areas, thereby enhancing visual grounding without ad-
ditional forward passes.

3.2. Dynamic Token Resolution
We define token resolution as the spatial granularity en-
coded in hidden states, indicating how finely each token rep-
resents the underlying visual content. Based on the saliency
ratio ω

(L), we adopt an adaptive thresholding strategy to dy-
namically determine whether the model should expand or
drop visual tokens at each layer, thereby achieving adjust-
ment of token resolution. Specifically, when ω

(L)
> εexp,

the model activates the token super-resolution module to en-
hance and expand tokens within salient regions, where εexp
is a predefined threshold. On the contrary, when ω

(L)
<

εdrop, redundant tokens are discarded to reduce computa-
tional overhead. Next, we provide a detailed description of
how the expansion and dropping operations are respectively
applied to the corresponding visual tokens.

3.2.1. Token Expansion
Token super-resolution module. Inspired by image super-
resolution techniques [13, 14, 24], we introduce a train-
able token amplifier, termed the token super-resolution (To-
kenSR) module, to refine visual token representations. At
each decoder layer L, for low-resolution visual tokens hs(L)

LR
selected for expansion, the module reconstructs a higher-
resolution token sequence hs(L)

SR that captures finer local se-
mantics and structural details:

hs
(L)
SR = TokenSR(L)(hs(L)

LR). (4)

Each TokenSR module consists of three convolutional lay-
ers with ReLU activations, where each Convk denotes a 2D
convolutional layer with ck filters of kernel size fk ↑ fk.
This hierarchical structure allows the module to refine lo-
cal details, while keeping the overall semantic information
consistent across layers. During training, each TokenSR
module receives the hidden states of salient regions from
a full image Ifull and produces low-resolution tokens hs(L)

SR .
The corresponding cropped image Icrop provides reference
hidden states hs

(L)
crop. The module is trained by minimizing

the KL divergence between enhanced and reference tokens.
This supervision encourages the TokenSR module to recon-
struct high-resolution token representations for salient re-
gions that match the fine-grained structures of the cropped

images. Only the parameters of the TokenSR module are
updated, while the MLLM backbone remains frozen.
Sequence reconstruction. Within the token expansion pro-
cess, the enhanced tokens produced by the TokenSR module
at decoder layer L are directly inserted between the original
visual tokens and the text tokens. For each sample i, salient
patch tokens hs(L,i)

patch → Rh→w→d are first extracted from the
full-image hidden states, reshaped into a 2D feature map,
interpolated to H ↑ W via bilinear interpolation and pro-
cessed by the TokenSR module to obtain enhanced tokens
hs

(L,i)
SR → RH→W→d. These enhanced tokens are then flat-

tened into a 1D sequence. The final output sequence of the
corresponding decoder layer is constructed as:

hs
(L,output)
i = [hs(L,i)

s ; hs(L,i)
v ; hs(L,i)

SR ; hs(L,i)
t ]. (5)

The attention mask and positional embeddings are updated
to accommodate the expanded token sequence, ensuring
that the transformer correctly attends to the enhanced visual
regions while maintaining causal consistency.

3.2.2. Token Drop
Complementary to token expansion, the token drop mech-
anism prunes low-saliency visual tokens. If saliency ratio
ω
(L) falls below εdrop, the corresponding hs

(L)
SR is removed.

And, the sequence is reverted to its original form of:

hs
(L,output)
i = [hs(L,i)

s ; hs(L,i)
v ; hs(L,i)

t ]. (6)

This operation effectively suppresses over-attended yet un-
informative areas, preventing weakly supported salient re-
gions from biasing inference and helping subsequent layers
focus on more reliable visual evidence.

3.3. Workflow of Blink
Overall, the procedure of Blink is summarized in Alg. 1.
Blink integrates its two main stages into a unified workflow
that adaptively adjusts the visual token resolution within
selected decoder layers. By first identifying the most in-
formative visual patches and then selectively expanding or
dropping tokens based on saliency, the framework mimics
human-like visual attention patterns. All operations are per-
formed before the layer normalization of each correspond-
ing transformer layer, ensuring that the transformer can pro-
cess dynamically expanded or pruned tokens without mod-
ifying the backbone computations.

4. Experiments
4.1. Experimental Settings
We evaluate our proposed Blink on LLaVA-1.5-7B [32]
across seven commonly used multimodal datasets, includ-
ing MME [17], GQA [20], MMBench, MMBench-CN [34],
POPE [29], ScienceQA [35], and MM-Vet [50]. We eval-
uate Blink and its variant Blink-interp, where the trainable
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Method
MMEPerception

Exist. Count Pos. Color Poster Celeb. Scene Landm. Artw. OCR Total

Vanilla 190.00 155.00 128.33 170.00 147.62 136.76 158.00 163.00 119.50 137.50 1505.72
Blink-interp (Ours) 190.00 160.00 133.33 170.00 147.62 135.88 157.25 163.00 119.50 137.50 1514.08
Blink (Ours) 190.00 160.00 138.33 170.00 147.28 135.88 158.00 163.00 119.75 137.50 1519.74

Method
MMECognition GQA MMBench MMBenchCN POPE SQAImg MM-Vet

CS Num Text Code Total

Vanilla 112.86 70.00 107.50 67.50 357.86 61.93 64.60 58.08 85.17 69.46 32.20
Blink-interp (Ours) 110.71 70.00 107.50 65.00 353.21 61.93 64.69 58.51 85.17 69.51 31.70
Blink (Ours) 114.29 75.00 107.50 65.00 361.79 61.98 64.69 58.59 85.23 69.66 33.40

Table 1. Downstream task performance across multiple benchmarks on LLaVA-1.5. Results of other backbones are provided in Ap-
pendix C. Vanilla denotes the base model, and our methods correspond to two configurations of Blink, where -interp indicates the variant
that replaces the amplifier with training-free interpolation while retaining the Blink inference pipeline. The best scores are in bold.

Algorithm 1: Workflow of Blink
Input: MLLM M, selected layers Lsel, thresholds

εexp, εdrop, number of divided patches p→ p

Output: Updated hidden states {hs(L,output)}
1 for L ↑ Lsel do
2 ϑ Saliency-Guided Scanning;
3 Reshape hs

(L)
v into H →W grid and divide into p

patches;
4 Compute patch saliency S(L)

ri and saliency ratio ω
(L);

5 ϑ Dynamic Token Resolution;
6 if ω(L)

> εexp then
7 ϑ EXPAND: hs(L)

SR ↓ TOKENSR(hs(L)
patch);

8 hs
(L,output) ↓ [hs(L)

s ;hs(L)
v ;hs(L)

SR ;hs(L)
t ];

9 else
10 if ω(L)

< εdrop then
11 ϑ DROP: remove hs

(L)
SR , revert to original

sequence;
12 hs

(L,output) ↓ [hs(L)
s ;hs(L)

v ;hs(L)
t ];

13 else
14 ϑ keep hs

(L) unchanged;

15 ϑ update Attn mask and Position ids;

16 return {hs(L,output)}

modules are replaced with bilinear interpolation, while re-
taining the Blink inference pipeline. For training the token
super-resolution modules, we use the processed LLaVA-1.5
training data, which is a composite dataset consisting of
COCO [30], GQA [20], OCR-VQA [37], TextVQA [40],
and VisualGenome [25]. For each image, we crop it into
four quadrants and record their positions relative to the orig-
inal image. Detailed training hyper-parameters and infer-
ence settings can be found in Appendix A and B.

4.2. Main Results
Tab. 1 presents the downstream performance across seven
tasks. Our proposed Blink consistently improves total
scores of MMEPerception and MMECognition over the base
model, with gains of 14.02 and 3.93, respectively. Addi-
tionally, Blink achieves the highest scores on GQA, MM-
Bench, MMBench-CN, POPE, ScienceQA, and MM-Vet.
These results demonstrate the impact of Blink in enhancing
multimodal understanding and visual perception.

Blink-interp increases the total score of MMEPerception
by 8.36, and despite underperforming on MMECognition and
MM-Vet, it surpasses or matches the base model on all
other benchmarks. Moreover, the fully trained Blink out-
performs Blink-interp on all benchmarks except for MM-
Bench, where Blink-interp achieves comparable perfor-
mance. These results highlight both the effectiveness of the
dynamic inference pipeline and the robustness of the token
super-resolution module.

4.3. Ablation Studies
Key Modules. To validate the effectiveness of our proposed
modules, we perform ablation studies using MME bench-
mark on the two key components of Blink: saliency-guided
scanning (SGS) and dynamic token resolution (DTR). In the
w/o SGS variant, token selection for expansion or drop is
performed randomly, without guidance of saliency maps.
In the w/o DTR variant, token operations follow a fixed
expand–drop cycle across layers, without dynamically ad-
justing based on thresholds. As shown in Tab. 2, removing
either SGS or DTR results in notable performance drops
for both Blink and its variant Blink-interp. Specifically,
removing SGS results in the total score dropping by 2.10
for Blink-interp and 2.15 for Blink, and removing DTR
causes a larger decrease of 8.63 for Blink-interp and 41.07
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Dataset Method Key Modules Ratio Thresholds

w/o SGS w/o DTR w/o Drop High εexp / Low εdrop High εexp

Blink-interp (Ours)

MME
Perp. 1514.08 1509.83 1514.73 1514.83 1509.83 1509.83
Cong. 353.21 355.36 343.93 351.07 355.71 357.86
Total 1867.29 1865.19- 2.10 1858.66- 8.63 1865.90- 1.39 1865.54- 1.75 1867.69+ 0.40

Blink (Ours)

MME
Perp. 1519.74 1519.74 1478.67 1524.74 1509.83 1509.83
Cong. 361.79 359.64 361.79 359.29 357.86 355.71
Total 1881.53 1879.38- 2.15 1840.46- 41.07 1884.03+ 2.50 1867.69- 13.84 1865.54- 15.99

Table 2. Performance of Blink and its interpolation variant on the MME benchmark across key modules (SGS, DTR) and ratio threshold
settings. Rows labeled w/o SGS and w/o DTR show results with the corresponding module removed. High εexp / Low εdrop denotes high
expansion threshold with low drop threshold, while High εexp denotes high expansion threshold with normal drop threshold.

New TokensOriginal Tokens
(0.0946)(0.0322)

New TokensOriginal Tokens
(0.4182)(0.0096)

Q: What color of shirt is the 
man wearing?

Q: What does the warning 
sign say?

Layer 20Layer 13

New TokensOriginal Tokens
(0.0920)(0.0569)

New TokensOriginal Tokens
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Figure 6. Visualization of attention redistribution after token ex-
pansion. Red boxes in the original image indicate the ground-truth
important regions. The right panels show attention distributions on
the original and expanded visual tokens at layers 13 and 20. See
Appendix E for more visualization results.

for Blink, underscoring the critical role of both saliency-
guided scanning and dynamic token resolution in effective
token selection and capturing salient visual information.
Ratio Thresholds. We further investigate the impact of
different expansion and drop thresholds on performance.
Three alternative settings to our main configuration are con-
sidered: (1) the extreme case of disabling token drop (w/o
Drop), (2) high expansion threshold and low drop threshold
(High εexp / Low εdrop), and (3) high expansion threshold
only (High εexp), with the drop threshold kept at its default
value. As shown in Tab. 2, these settings lead to varying
performance compared to our default configuration. Specif-
ically, for Blink-interp, the High εexp setting yields only a
marginal improvement of 0.40 in the total score, whereas
the w/o Drop and High εexp / Low εdrop settings reduce per-
formance by 1.39 and 1.75, respectively. For Blink, dis-
abling token drops increases performance by 2.50, while

Layers Perc. Cogn. Total

11–17 1518.20- 1.54 364.29+ 2.50 1882.49+ 0.96

12–18 (Ours) 1519.74 361.79 1881.53
13–19 1511.97- 7.77 362.14+ 0.35 1874.11- 7.42

14–20 1512.06- 7.68 362.14+ 0.35 1874.20- 7.33

Table 3. Performance of Blink on the MME benchmark with dif-
ferent ranges of transformer layers. 12–18 denotes the layer range
used in our main configuration, and other ranges correspond to al-
ternative settings. The best scores are in bold.

the High εexp / Low εdrop and High εexp settings decrease it
by 13.84 and 15.99. These results indicate that completely
disabling token deletion leads to divergent outcomes, while
excessively high expansion thresholds limit effective token
expansion, demonstrating that both token expansion and to-
ken drop contribute to our framework.

4.4. Analysis of Attention Redistribution
In this section, we investigate how tokens generated by the
token super-resolution module influence attention redistri-
bution across transformer layers after expansion. This helps
verify whether the expanded tokens guide the model to fo-
cus better and improve visual perception. For clarity, expan-
sion is applied at layer 12, and the new tokens are retained
in all subsequent layers.

Fig. 6 shows attention maps at different layers to illus-
trate this spatial redistribution. In both cases, attention over
the new tokens is more evenly distributed and consistently
higher than that of the original tokens, indicating effective
focus. In Case 2, attention initially concentrates on an in-
correct region at layer 13 but shifts to the correct region by
layer 20, consistent with Sec. 2.2, where attention is pro-
gressively refined across layers.
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Figure 7. Performance changes on the total MME score with dif-
ferent layer ranges. The top panel varies the start layer (up to 18),
and the bottom panel varies the end layer (from 12). Purple lines
show performance across ranges, and yellow lines show single-
layer dynamic performance.

4.5. Analysis of Layer Range
We observe that although selecting intermediate layers (e.g.,
12–18) generally yields strong performance, small shifts in
the layer range can lead to noticeable differences. As shown
in Tab. 3, shifting from 12–18 to 11–17 slightly improves
the total score by 0.96, while shifting to 13–19 or 14–20
decreases performance by 7.42 and 7.33, respectively. This
suggests that different layer ranges contribute unevenly, and
even minor changes can have non-negligible impact.

To better understand this effect, we further evaluate the
importance and contribution of each layer through three
analyses: (1) varying the starting layer with the ending layer
fixed at 18, (2) varying the ending layer with the starting
layer fixed at 12, and (3) applying dynamic token opera-
tions to individual layers. As shown in Fig. 7, single-layer
selection leads to clear performance differences, indicating
that attention and accuracy vary across layers. In particular,
layers around 7–26 produce much stronger improvements,
whereas using only early layers around 4–6 leads to sub-
stantial performance drops. Moreover, the choice of layer
range affects performance. In the first analysis, excluding
layers 4–9 yields better results, whereas in the second analy-
sis, including layers 14–18 causes a noticeable drop. These
observations are consistent with Sec. 2.2, where correct at-
tention tends to emerge in the middle layers. And, from the
curves marked with our config, it can be seen that we adopt
a broadly effective layer range, though more fine-grained
layer selection may further improve performance.

5. Related Work
Multimodal Large Language Models. Driven by the
success of large language models (LLMs), increasing at-

tention has been devoted to developing end-to-end mul-
timodal large language models (MLLMs). Early works
such as CLIP [38] and ALIGN [21] aligned visual and tex-
tual representations through contrastive learning, laying the
foundation for cross-modal understanding. Following this
paradigm, MLLMs typically employ a vision encoder and a
projector to map visual embeddings into the language space
of an LLM. Representative models such as BLIP-2 [28],
LLaVA [31], InternVL [10] and the Qwen-VL [3] series
adopt this modular design, where projected visual tokens
and textual embeddings are jointly processed by the LLM
for multimodal tasks. However, this unified token-based
paradigm overlooks modality differences, leading to limited
visual perception and hallucination issues [5, 15, 22, 42].
Consequently, performance on multimodal reasoning heav-
ily depends on accurate visual grounding [11, 45], motivat-
ing further improvements in visual perception.
Visual Perception Enhancement of MLLMs. To address
these limitations, recent works have explored enhancing the
visual perception of MLLMs through region selection, fea-
ture refinement, or adaptive attention, dynamically adjust-
ing visual focus without retraining the backbone. V* [45]
introduces a guided visual search mechanism that lever-
ages LLM knowledge for efficient querying and collabo-
rative reasoning. DyFo [27] employs a dynamic focusing
module to refine spatial attention on task-relevant regions.
Other methods improve fine-grained perception by crop-
ping, recomposing, or re-encoding image regions. For ex-
ample, ViCrop [51] identifies informative patches via atten-
tion maps from fixed layers, while Visual Perception To-
ken [49] enhances focus through region-level cropping and
re-encoding, and other works [16, 19] perform parameter-
level expansion. Although effective, these approaches gen-
erally rely on fixed-layer attention or post-hoc modules and
often require multiple forward passes, preventing adaptive
refinement of regions of interest within a single inference
and limiting both flexibility and efficiency.

6. Conclusion

In this work, we propose Blink, a dynamic visual token
resolution framework that emulates human-like scanning
and focusing within a single forward pass of MLLMs. In-
spired by our two key insights on the visual attention shifts
across layers and the benefits of allocating more compu-
tation to salient regions, Blink leverages saliency-guided
scanning and dynamic token resolution to selectively ex-
pand important visual tokens and drop less relevant ones,
enabling adaptive visual perception. Comprehensive ex-
periments on downstream tasks and further analyses vali-
date the effectiveness of the framework and its consistent
improvements, elucidating the underlying mechanisms and
showing the soundness of our method.
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