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Abstract

Large vision-language models (LVLMs) have demonstrated
remarkable capabilities in understanding multimodal data
such as images and text. However, the number of visual to-
kens in these models often far exceeds that of textual to-
kens, resulting in substantial redundancy and high inference
costs. Existing pruning methods primarily rely on either uni-
modal information or cross-modal attention mechanisms. The
former often overlooks the semantic alignment between in-
structions and visual representations in the multimodal space,
while the latter is prone to attention drift and dispersion, lead-
ing to significant performance degradation under high prun-
ing ratios. All the above issues stem from the lack of effec-
tive textual guidance during the pruning process. To identify
effective informational cues for guiding pruning, we conduct
an in-depth analysis of the interaction between language in-
structions and visual features based on the cross-modal infor-
mation bottleneck attribution (CIBA) method, revealing the
presence of noun anchors. Based on this analysis, we propose
the Instruction-Guided Cross-Modal Clustering Token Prun-
ing (ICCTP) method, a plug-and-play, training-free pruning
paradigm. Specifically, ICCTP first leverages global attention
to retain a small set of visual tokens that preserve global con-
text. It then extracts nouns from the instruction as clustering
centers to perform cross-modal clustering over the remaining
visual tokens. To balance semantic diversity and global rele-
vance while reducing intra-cluster redundancy, we design an
importance scoring mechanism. Finally, visual tokens within
each cluster are pruned according to a specified pruning ratio.
We evaluate ICCTP on multiple VLM architectures, includ-
ing LLaVA-1.5-7B, LLaVA-1.5-13B, and LLaVA-NeXT-7B.
Experimental results show that ICCTP maintains strong per-
formance across various pruning rates without requiring re-
training. Notably, even under an extreme setting where 94.4
% of visual tokens are removed, ICCTP retains 90.02% of the
original accuracy while reducing TFLOPs by 82.36%.

Introduction

Large Vision-Language Models (LVLMs) (Liu et al. 2023a;
Li et al. 2024, 2023a; Liu et al. 2024a; Bai et al. 2023) have
demonstrated strong capabilities in multimodal tasks such as
visual question answering and instruction following. These
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Figure 1: Attention visualization of cross-modal attention-
based methods and our instruction-noun-based method.

models typically encode images into dense patch-level vi-
sual token sequences, which are then fused with textual in-
puts via a multimodal alignment module. However, the num-
ber of visual tokens is often significantly larger than that
of textual tokens—for example, a single image in LLaVA-
NeXT-7B (Liu et al. 2024b) can produce up to 2880 visual
tokens, while the corresponding text typically contains fewer
than 100. This substantial imbalance leads to high computa-
tional overhead during inference.

In recent years, various studies have attempted to reduce
inference costs through visual token pruning. Most meth-
ods either rely on unimodal visual cues (Zhang et al. 2024a)
or use cross-modal attention weights (Zhang et al. 2024b)
within the language model to estimate token importance.
However, neither approach identifies effective semantic cues
from the instruction to guide pruning. Specifically, unimodal
methods often focus solely on global visual information and
lack instruction-aware token selection mechanisms. In con-
trast, cross-modal attention-based pruning methods face two
key issues, as shown in Figure 1: (1) attention shift caused
by rotary position embeddings (RoPE), which biases the
model toward lower image regions and leads to missed se-
mantic content; and (2) attention dispersion, where atten-
tion spreads too evenly across visual tokens, weakening its
discriminative capacity (Zhang et al. 2024a, 2025). These
issues become especially detrimental under high pruning
rates, leading to notable performance drops.

To address these limitations and derive effective pruning
cues, we revisit semantic interactions between vision and
text modalities from an information-theoretic perspective.



We introduce a Cross-Modal Information Bottleneck Attri-
bution (CIBA) method (Wang, Rudner, and Wilson 2023)
to identify the most informative visual features under a lan-
guage instruction. Our analysis reveals that nouns in the in-
struction serve as stable semantic anchors in the multimodal
representation space, effectively guiding the structured ag-
gregation and semantic alignment of visual tokens. This ob-
servation forms the core motivation of our pruning strategy.

Building on the insight into semantic anchors, we propose
Instruction-Guided Cross-Modal Clustering Token Pruning
(ICCTP), a plug-and-play, training-free pruning framework.
ICCTP first employs global attention to retain a few visual
tokens that preserve the image’s contextual information. It
then extracts nouns from the instruction as clustering centers
in the multimodal embedding space to guide the clustering
of the remaining visual tokens. Furthermore, we design an
importance scoring mechanism that jointly considers the se-
mantic similarity to the instruction and the global attention
response, allowing the selection of key tokens within each
cluster for pruning according to a specified ratio. The main
contributions of our work are as follows:

* We propose a cross-modal information bottleneck attri-
bution method, which reveals that nouns in language
instructions serve as semantic anchors in the vision-
language representation space, providing a stable and
generalizable signal for visual token pruning.

We propose a training-free, plug-and-play pruning
framework, ICCTP, that integrates semantic relevance
and attention responses to enable efficient and robust vi-
sual token pruning.

We conduct extensive evaluations on ten datasets and
several mainstream models, demonstrating that ICCTP
remains robust and generalizable even under extreme
pruning. It preserves 90.02% of performance while prun-
ing 94.4% of visual tokens and cutting inference cost by
82.36%, outperforming prior methods.

Related Work
Vision-Language Models

The success of large language models (LLMs) (Brown et al.
2020; Dubey et al. 2024; Luo et al. 2024; Ouyang et al. 2022;
Radford et al. 2019) has inspired a wave of research extend-
ing their reasoning capabilities to the multimodal domain,
giving rise to vision-language models (VLMs) (Achiam
et al. 2023; Team et al. 2023; Wang et al. 2024). Typically, a
VLM consists of a vision encoder and a language generator,
where visual features are projected into the language space
via a modality alignment module (Bai et al. 2023; Liu et al.
2024a). While VLMs have achieved remarkable progress in
tasks such as image captioning and visual question answer-
ing, they suffer from excessive computational overhead due
to the redundancy of visual tokens. For example, LLaVA-
1.5 (Liu et al. 2023a) encodes a 336x336 image into 576
tokens, while its high-resolution variant LLaVA-NeXT (Liu
et al. 2024b) produces up to 2880 tokens per image. Improv-
ing inference efficiency under such conditions has become a
critical research focus.
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Token Pruning in VLMs

To reduce visual token redundancy, a variety of token prun-
ing methods have been proposed, which can be broadly cat-
egorized into trainable and training-free approaches.

Trainable methods such as ELIP (Guo et al. 2023),
LVPruning (Sun et al. 2025), and IVTP (Huang et al. 2024)
utilize language supervision or attention-guided strategies
to learn fine-grained pruning policies. However, these ap-
proaches often introduce additional training costs and archi-
tectural modifications, which limit their generalizability and
deployment. In contrast, training-free methods aim to en-
hance inference efficiency without retraining. DivPrune se-
lects diverse tokens based on unimodal visual information.
FitPrune (Ye et al. 2024)formulates pruning as minimizing
the divergence between self- and cross-modal attention be-
fore and after pruning. FastV (Chen et al. 2024) discards
low-attention visual tokens after the second layer of the lan-
guage model. SparseVLM (Zhang et al. 2024b) selects rele-
vant visual tokens based on text-guided attention and prunes
adaptively across layers. AdaptPrune (Luan et al. 2025) in-
tegrates attention scores and spatial-aware adaptive NMS
for comprehensive token importance estimation. VisionZip
(Yang et al. 2024) combines CLS-based dominant token se-
lection with similarity-driven contextual token merging to
achieve effective compression.

Subsequently, an increasing number of studies have relied
on unimodal visual cues or internal cross-modal attention
weights within language models to estimate the importance
of visual tokens (Xing et al. 2024). However, our analysis
reveals that these approaches tend to be unstable under high
pruning ratios and fail to provide reliable guidance. In con-
trast, we adopt a cross-modal information bottleneck attri-
bution approach, which reveals that instruction nouns serve
as stable semantic anchors in the multimodal representation
space. This insight enables a more efficient and interpretable
guidance signal for token pruning.

Method

In this section, we first review the issue of token pruning
in LVLMs. Then, we employ the Cross-Modal Information
Bottleneck Attribution method to extract effective guidance
signals for token pruning. Based on this analysis, we pro-
pose ICCTP, which uses instruction noun phrases to guide
cross-modal clustering and selects an optimal token subset
by maximizing semantic relevance and global consistency.

Preliminaries

Modern LVLMs are generally composed of three key com-
ponents: a vision encoder I, a projector f,, and a large
language model (LLM) fy. The vision encoder, such as the
CLIP model’s image backbone, processes the input image
X, to produce a sequence of visual representations. Then,
they are subsequently mapped by the projector into the em-
bedding space of the LLM, forming the visual token set T,
as shown in Equation (1):

T, = [, (B, (X,)) € R™*¢ (1)
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Figure 2: Visualization of the Cross-Modal Information Bot-
tleneck Attribution method on the VQAv2 dataset.

The visual tokens are concatenated with textual tokens
and passed to the LLM for joint reasoning. Note that the
number of visual tokens is typically larger than the number
of textual tokens, which greatly increases the computational
cost during inference. To address this issue, recent studies
have proposed token pruning methods that select a subset
of visual tokens while preserving key features. However,
unimodal visual methods struggle to identify task-relevant
regions, resulting in low semantic relevance of retained to-
kens. In contrast, cross-modal attention-based methods suf-
fer from attention shift and dispersion, leading to the mis-
pruning of critical tokens and degraded performance.

Cross-Modal Information Bottleneck Attribution

To address the above issues, we leverage the Cross-Modal
Information Bottleneck Attribution (CIBA) (Wang, Rudner,
and Wilson 2023) method to analyze the semantic inter-
actions between language instructions and visual features,
thereby extracting more effective guidance.

As a preliminary, we introduce the traditional Information
Bottleneck Attribution (IBA) method (Schulz et al. 2020),
which applies the Information Bottleneck (Tishby, Pereira,
and Bialek 2000) theory to neural network interpretability.
By applying a bottleneck mask, IBA identifies the most in-
formative regions of intermediate representations. The goal
is to encode the input X into a latent representation Z that
preserves information relevant to the target Y while mini-
mizing redundancy with X. This process is formulated as
shown in Equation (2):

max I(Z,Y;0) = f1(Z, X3 9), 2)
where I(-,-; ) represents the mutual information, and 3 is
the hyperparameter that controls the trade-off between com-
pression and fitting. Through this approach, we can effec-
tively extract key information relevant to the task and elim-
inate noise. Although IBA performs well in unimodal tasks,
it struggles to generalize to cross-modal scenarios due to the
inherent heterogeneity between modalities. Visual and tex-
tual inputs reside in distinct representational spaces, creating
a semantic gap that hinders direct correlation. Moreover, the
one-way information flow in traditional IBA ignores bidi-
rectional dependencies, often leading to attention drift and
inaccurate attribution.

12215

To address these limitations, we extend IBA to the cross-
modal setting by introducing CIBA, which models the mu-
tual dependence between visual and textual representations.
By explicitly incorporating the embedding E/, from the
complementary modality, CIBA enhances attribution accu-
racy and better captures cross-modal semantic alignment. Its
objective defined in Equation (3):

Fm(em) :I(ZmaE:n;em) _BmI(ZmaXm;em)a 3)

where Z,, is the latent representation of input X,,, 6,, de-
notes the learnable parameters, and [3,,, balances compres-
sion and task relevance. To enable efficient optimization,
we adopt a variational approximation, yielding the follow-
ing empirical objective:

N

. 1 n

E0m) =0 D [l 148050, S, g o)
n=1

B KL (p(zn | 20:00) [ a(2)) . @)

where S(-,-) is the cosine similarity. The integrals are
estimated via Monte Carlo sampling with reparameteriza-
tion. The parameter set is defined as 6,,, = { A, Tm, b},
where A, is optimized per modality, and 3,,, 0, and £,
are modality-specific hyperparameters. It can be applied to
each modality to retain the key features needed to predict the
other, making cross-modal representation more efficient.

To better illustrate cross-modal interactions, we visualize
the CIBA attribution results on the VQAv2 (Goyal et al.
2019) dataset, as shown in Figure 2. The top part shows
that only a few image regions are informative for predict-
ing language instructions, supporting visual token pruning.
The bottom part highlights that nouns in the instruction (e.g.,
dog, wooden bench) are most relevant for predicting visual
features, while other parts of speech contribute less.

Compared to existing methods, CIBA captures cross-
modal attention regions more accurately by computing mu-
tual information between visual features and language in-
structions, enabling the preservation of critical information
during pruning. Through this theoretical framework, we are
able to identify key information—nouns—within the lan-
guage instructions, allowing for more rational pruning of vi-
sual tokens.

Instruction-Guided Cross-Modal Clustering Token
Pruning

To address the bias in cross-modal guidance inherent in ex-
isting pruning methods, we leverage the theoretical foun-
dation of cross-modal information bottleneck attribution
to derive effective pruning cues and propose Instruction-
Guided Cross-Modal Clustering Token Pruning (ICCTP).
As shown in Figure 3, this plug-and-play, training-free ap-
proach consists of three key steps: (1) Global Token Prese-
lection, (2) Instruction-Driven Cross-Modal Clustering, and
(3) Redundancy-Aware Pruning Strategy. The pseudocode is
provided in Algorithm 1.

Global Token Preselection(GTP): We first leverage the
[CLS] token’s attention from the visual encoder to estimate
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Figure 3: Illustration of the Instruction-Guided Cross-Modal Clustering Token Pruning method. GTP denotes Global Token
Preselection; ICC denotes Instruction-Driven Cross-Modal Clustering; and RPS denotes Redundancy-Aware Pruning Strategy.

the global saliency of each visual token, thereby preserving
those sensitive to scene-level context as reliable priors for
subsequent cross-modal clustering and pruning.

Specifically, let the attention matrix produced by the vi-
sual encoder be A € R"*"*" where h is the number of
attention heads and n is the number of visual tokens. We
first average the attention scores across all heads to obtain
the aggregated attention matrix:

h
1 )
A=_23%" A0 e rrn 5
h 2 € ®)

We then take the first row of A, which corresponds to the
attention from the [CLS] token to all other visual tokens,
as the saliency vector:

(6)

where a; denotes the attention weight from the [CLS] to-
ken to the j-th visual token.

To control the pruning ratio, we retain the top kg = | pg -
ng | tokens with the highest attention scores, where pg €
(0,1) is the global retention ratio, and n,, is the number of
visual tokens preserved under the overall pruning budget.

G = TopK,, (a), ™

where G denotes the set of globally important visual tokens.

Instruction-Driven Cross-Modal Clustering(ICC): Al-
though global token preselection retains key visual tokens,
the lack of fine-grained textual guidance and the limitations
of attention shift and dispersion, hinder the precise localiza-
tion of task-relevant visual regions.

To overcome these limitations, we leverage the Cross-
Modal Information Bottleneck Attribution (CIBA) method
to identify nouns in instructions as stable visual semantic
anchors. Based on this insight, we extract noun phrase em-
beddings from the instruction and treat them as clustering
centers for guiding visual token grouping, which serves as

a= AO,: = [a13a27"'aan]7
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the foundation for subsequent token pruning. The main steps
are outlined as follows:

Let the remaining visual tokens after global preselection
be R = {v;};7y, v; € R9, where n, denotes the number
of tokens to be clustered and d is the embedding dimension.
We extract a set of noun phrases N' = {Z;}}*, from the
instruction text using SpaCly, a lightweight and efficient NLP
toolkit, where Z; denotes the subword set of the j-th noun
phrase. Each clustering center is computed as the average
embedding of its tokens:

Z Emb(w), j

weLj

_ 1 _
|Z;|

L,2,...,K. (8

¢j

For each visual token v; € 'R, we compute its cosine sim-
ilarity to all centers and assign it to the nearest cluster:

) = iy C5 ) 9
(%) argjegl’?%}(} cos (v cj) 9

resulting in a set of clusters:
Cj={vi e R [ (i) = j}. (10)

This instruction-driven clustering explicitly aligns visual
tokens with the key semantics of the instructions, mitigat-
ing the bias and noise issues inherent in conventional cross-
modal attention and providing a task-relevant foundation for
subsequent redundancy suppression and pruning.

Redundancy-Aware Pruning Strategy(RPS): Although
cross-modal clustering explicitly aligns visual tokens with
nouns, substantial redundancy may still exist within each
cluster due to highly similar tokens. To address this, we de-
sign a redundancy-aware scoring mechanism that combines
both semantic relevance and global saliency, thereby select-
ing only the most informative tokens in each cluster. For
each cluster C; = {v;}, we define a joint importance score
St
Y
where cos(v;, ¢;) measures the cosine similarity between vi-
sual token v; and the noun center ¢;, a; € [0,1] denotes

s; = a-cos(vi,¢j) + (1 —a) - @,



Algorithm 1: Instruction-Guided Cross-Modal Clustering
Token Pruning (ICCTP)

Require: Visual tokens V' = {v;}_,, attention matrix A
from the visual encoder, instruction tokens 7', global
keep ratio pg, cluster keep ratio p., weighting factor o.

Ensure: Pruned visual token set V.

1: Step 1: Global Token Preselection ~
Compute attention scores a from CLS token: a = Ay .,
where A = 15" A,

Select top-k, tokens with k, =
TopK;, (a).
Set residual tokens R = V' \ G.
Step 2: Instruction-Driven Cross-Modal Clustering
Extract noun phrases N = {Z;}1<, from T'.
for j =1to K do

Compute cluster centers: c; = |le| >

end for

Assign each v; € R to the nearest center: ()
arg max; cos(v;, ¢;).

: Form clusters C; = {v; € R | 7(i) = j}.

g

C Mgt

Lpg

Emb(w).

wEL;

12: Step 3: Redundancy-Aware Pruning

13: for j = 1to K do

14:  for each v; € C; do

15: Compute importance score: s; = « - cos(v;, ¢;) +
(1 — Oé) . di.

16:  end for

17:  Retain top-k; tokens: k; = max(1, |p. - |Cjl]).

18: end for

19: Output: V=G U Ujil TopK,, {vi € Cj | s}

the global saliency of v; derived from CLS signals, and
a € [0, 1] is referred to as the semantic-context trade-off fac-
tor, which balances the importance between semantic align-
ment and global context. Within each cluster C';, we rank all
tokens by s; and retain the top k;

k; = max (1, |pc - |Cj]]), (12)
where p. € (0,1) is the cluster-level retention ratio. The

final pruned set of visual tokens is defined as:
K

V= gu U TOpKkj{?]i € Cj ‘ Si},

j=1

(13)

where G is the set of globally important tokens preserved
from Step (1). The final token set V is concatenated with
the textual tokens I; and fed into the LLM for joint reason-
ing. This strategy effectively reduces redundant tokens while
maximally preserving visual tokens that are strongly aligned
with the key nouns as well as global contextual information,
thereby ensuring that the pruned representations retain ro-
bust multimodal reasoning capabilities.

Experiments
Experimental Setup

Datasets: To evaluate ICCTP, we conduct experiments on
ten benchmark datasets covering key vision-language tasks.
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These include VQAv2 (Goyal et al. 2019), GQA (Hud-
son and Manning 2019), VizWiz (Gurari et al. 2018), Sci-
enceQA (Lu et al. 2022), TextVQA (Singh et al. 2019),
POPE (Li et al. 2023b), MME (Fu et al. 2023), MMBench
(Liu et al. 2023b), MMBench-CN (Liu et al. 2023b), and
MM-Vet (Yu et al. 2023).

Implementation Details: We apply ICCTP to vari-
ous VLM architectures, including the LLaVA series (e.g.,
LLaVA-1.5-7B and LLaVA-1.5-13B(Liu et al. 2024a)) and
the high-resolution LLaVA-NeXT-7B. Specifically, both
LLaVA-1.5-7B and LLaVA-1.5-13B contain 576 visual to-
kens, while LLaVA-NeXT-7B dynamically introduces up to
2880 visual tokens. The hyperparameter configurations are
discussed in detail in the ablation section. All experiments
are conducted on a single RTX 4090 GPU.

Main Results

We evaluate ICCTP on LLaVA-1.5-7B and compare it with
representative pruning methods, including ToMe (Bolya
et al. 2023), FastV (Chen et al. 2024), SparseVLM (Zhang
et al. 2024b), PruMerge+ (Cao, Paranjape, and Hajishirzi
2023), DART (Wen et al. 2025), and VisionZip (Yang et al.
2024). Table 1 presents the performance on multiple bench-
marks with 128, 64, and 32 visual tokens retained. Figure 4
presents a improvement in inference efficiency.

With a pruning rate of 77.8%, ICCTP retains 98% of
the original performance. On 7 out of 10 datasets, ICCTP
achieves the best or comparable results: for example, 53.0%
on VizWiz (vs. 50.0% originally), 69.0% on SQAIMG (vs.
66.8% originally), and 85.2% on POPE (compared to 83.2%
for VisionZip). When the pruning rate increases to 88.9%,
ICCTP retains 94.8% of the original performance. On most
datasets, ICCTP continues to lead or match the strongest
baselines—for instance, 82.8% on POPE, 5.8% higher than
VisionZip, and outperforming DART by 1.7% on VQAv2.

Under an extreme pruning ratio of 94.4%, ICCTP retains
approximately 90.0% of the original performance while re-
ducing TFLOPs by 82.4%. Across most datasets, ICCTP
continues to demonstrate a clear advantage. For example,
it reaches 80.4% on POPE, surpassing VisionZip by 11.7%;
on SQAIMG, it achieves 69.4%, outperforming all compet-
ing methods and even exceeding the unpruned model by
2.6%. Overall, ICCTP outperforms the latest VisionZip by
1.0%, DART by 0.8%, and SparseVLM by 7.5%, highlight-
ing that even when only 5.6% of visual tokens are retained,
our method can still effectively capture and preserve the
most critical cross-modal semantics and global information.

ICCTP with Higher Resolution

As shown in Table 2 and Figure 4, ICCTP consistently out-
performs all baselines across pruning settings, , demonstrat-
ing strong robustness and significant efficiency gains. At
77.8% pruning, it achieves 72.4% accuracy, only 0.7% be-
low the full LLaVA-NeXT-7B, and even surpasses the full
model by 1.1% on POPE and 10.7 on MME. At 88.9%
and 94.4% pruning, ICCTP outperforms the latest methods
by 2.8% and 3.6%, while reducing TFLOPs by 87.5% and
92.3%, respectively. In addition, we also evaluate inference
latency and GPU memory usage in high-resolution settings.



Method [ VQAVZ [ GQA | VizWiz | SQAIMG | TextVQA | POPE | MME | MMB | MMBCN | MMVet | Acc.
All 576 Tokens (100%)
LLaVA-1.5-7B | 785 | 620 | 500 | 66.8 582 | 859 | 15107 | 643 | 583 | 31.1 | 63.1
128 Tokens (]77.8%)
ToMe (ICLR23) 63.0 524 50.5 59.6 49.1 62.8 1088.4 533 48.8 27.2 52.1
FastV (ECCV24) 61.8 49.6 51.3 60.2 50.6 59.6 1208.9 | 56.1 51.4 28.1 52.9
SparseVLM (ICML25) 73.8 56.0 51.4 67.1 54.9 80.5 1376.2 60.0 51.1 30.0 594
PruMerge+ (2024.05) 74.7 57.8 524 67.6 54.3 81.5 1420.5 | 61.3 54.7 28.7 60.4
DART (2025.02) 74.7 57.9 52.8 69.1 56.3 80.4 1408.7 60.7 57.3 30.9 61.1
VisionZip (CVPR25) 75.6 57.6 52.0 68.9 56.8 83.2 14324 | 62.0 56.7 32.6 61.7
ICCTP (Ours) 75.6 57.8 53.0 69.0 56.8 85.2 1440.0 61.6 55.8 31.6 61.8
64 Tokens (].88.9%)
ToMe (ICLR23) 57.1 48.6 50.2 50.0 45.3 52.5 922.3 43.7 38.9 24.1 45.7
FastV (ECCV24) 55.0 46.1 50.8 51.1 47.8 48.0 | 1019.6 | 48.0 42.7 25.8 46.6
SparseVLM (ICML25) 68.2 52.7 50.1 62.2 51.8 75.1 1221.1 | 56.2 46.1 23.3 54.7
PruMerge+ (2024.05) 67.4 54.9 529 68.6 53.0 774 | 11982 | 59.3 51.0 25.9 57.0
DART (2025.02) 71.3 54.7 53.5 69.3 54.7 73.8 1365.1 | 59.5 54.0 26.5 58.6
VisionZip (CVPR25) 724 55.1 529 69.0 55.5 77.0 1365.6 | 60.1 55.4 31.7 59.7
ICCTP (Ours) 73.0 55.6 52.5 68.9 55.5 82.8 1382.7 | 60.3 54.6 25.9 59.8
32 Tokens ({94.4%)
ToMe (ICLR23) 46.8 43.6 51.3 41.4 38.3 39.0 828.4 31.6 28.1 17.3 37.9
FastV (ECCV24) 43.4 41.5 51.7 42.6 42.5 325 884.6 37.8 332 20.7 39.0
SparseVLM (ICML25) 58.6 48.3 51.9 57.3 46.1 67.9 1046.7 | 51.4 40.6 18.6 49.3
PruMerge+ (2024.05) 54.9 51.1 52.8 68.5 50.6 70.9 940.8 56.8 47.0 214 52.1
DART (2025.02) 67.1 52.9 52.5 69.3 52.2 69.1 12733 | 58.5 50.0 25.0 56.0
VisionZip (CVPR25) 67.1 51.8 52.9 68.8 53.1 68.7 1247.4 57.7 50.3 25.5 55.8
ICCTP (Ours) 68.0 52.9 51.9 69.4 53.3 80.4 1299.3 | 58.0 47.1 22.2 56.8

Table 1: Performance comparison of different pruning methods on LLaVA-1.5-7B across various benchmarks.

Method [ VQAV2 [ GQA [ TextVQA | POPE | MME | Acc.
All 2880 Tokens (100%)

LLaVA-NeXT-7B | 812 | 629 | 596 | 863 | 1513.8 | 73.1
640 Tokens (].77.8%)

FastV 78.9 60.4 58.4 83.1 1477.3 | 70.9

SparseVLM 78.2 59.1 56.2 80.9 1456.3 | 69.4

VisionZip 79.2 60.1 58.5 82.2 1468.4 | 70.7

ICCTP (Ours) 79.7 62.8 56.0 87.4 15245 | 724
320 Tokens (}.88.9%)

FastV 71.9 55.9 55.7 71.7 1282.9 | 63.9

SparseVLM 71.4 56.5 52.4 73.5 1342.7 | 64.2

VisionZip 74.2 58.1 55.3 75 1348.8 | 66.0

ICCTP (Ours) 72.8 60.7 50.4 85.9 1481.4 | 68.8

160 Tokens (194.4%)

FastV 61.8 49.8 51.9 51.7 1079.5 | 53.8

SparseVLM 62.2 50.2 45.1 54.6 1167.1 | 54.1

VisionZip 67.3 54.3 54.7 59.4 1239.7 | 59.5

ICCTP (Ours) 65.5 53.8 45.1 84.6 1327.1 | 63.1

Table 2: Performance comparison of different pruning meth-
ods on LLaVA-NeXT-7B across various benchmarks.

At a 94.4% pruning rate, latency on the POPE and MME
datasets drops from 681 ms to 208 ms and from 1000 ms to
366 ms, respectively, while memory usage decreases from
16.41 GB to 14.65 GB and from 16.22 GB to 14.55 GB.

ICCTP with LLaVA-1.5-13B

LLaVA-1.5-13B has 13B parameters and 576 visual tokens,
making efficient pruning essential. As shown in Table 3 and
Figure 4, ICCTP retains 95.6%, 92.1%, and 87.5% of the
original performance under 75%, 90%, and 95% pruning. At
90% and 95% pruning, it outperforms existing methods by
1.7% and 3.3%, with TFLOPs reduced by 80.3% and 84.7%,
respectively. These results highlight the method’s effective-
ness in accurate token selection and efficient inference.

Method [ VQAV2 | GQA | TextVQA | POPE | MME | Acc.
All 576 Tokens (100%)

LLaVA-15-13B | 80.0 | 633 | 612 | 860 | 15312 | 734
144 Tokens (}75%)

FastV 712 59.9 60.1 79.4 1493.5 | 70.3

SparseVLM 76.1 58.0 57.9 68.6 1499.5 | 67.1

FasterVLM 774 58.7 59.0 83.1 1467.0 | 70.3

ICCTP (Ours) 77.1 58.4 57.1 84.5 1479.5 | 70.2
58 Tokens (190%)

FastV 70.3 54.9 55.6 67.3 1359.7 | 63.2

SparseVLM 68.3 544 52.6 62.6 1285.3 | 60.4

FasterVLM 73.1 56.0 574 74.7 1370.8 | 65.9

ICCTP (Ours) 734 56.5 55.2 81.9 1422.2 | 67.6
29 Tokens (195%)

FastV 62.3 50.3 52.1 49.8 1165.7 | 54.6

FasterVLM 67.9 52.6 54.8 65.9 1267.1 | 60.9

ICCTP (Ours) 68.9 53.9 52.7 79.4 1319.4 | 64.2

Table 3: Performance comparison of different pruning meth-
ods on LLaVA-1.5-13B across various benchmarks.

Ablation Study

Component Effectiveness Analysis: To evaluate the effec-
tiveness of the two core components of our method, we con-
duct an ablation study on LLaVA-1.5-7B under a pruning
ratio of 88.9%, and assess performance on three standard
benchmarks: TextVQA, POPE, and MME, as shown in Fig-
ure 5. We compare three strategies: (1) Random selection
of visual tokens; (2) CLS: importance-based selection using
CLS-attention; and (3) ICCTP (Ours).

The results show that random token selection severely dis-
rupts the image representation structure, while incorporating
visual attention to identify important tokens yields signifi-
cant gains: +5.0% on TextVQA (Acc), +2.5% on POPE (F1-
score), and +50.4 on MME, validating the effectiveness of
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Impact of Pruning Rate on TFLOPs Reduction
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Figure 4: Comparison of TFLOPs reduction under different
pruning rates across three models.
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Figure 5: Ablation study of the core components.

preserving tokens with global contextual information.

Building upon this, our method further introduces a
clustering-based pruning strategy guided by instruction-
noun relevance, which significantly enhances semantic
retention. Compared to the CLS-only strategy, ICCTP
achieves additional improvements of +1.9%, +5.0%, and
+65.6 on TextVQA, POPE, and MME, respectively, high-
lighting the importance of preserving tokens that are crucial
for precise text perception and instruction grounding.

Analysis of the Global Retention Ratio p,: We con-
duct experiments on LLaVA-1.5-7B with a pruning ratio
of 88.9%, evaluating the effect of global retention ratio
pg € {0.4,0.6,0.8} across ten multimodal benchmarks. As
shown in Figure 6, the model performs stably across dif-
ferent settings, with p, = 0.6 achieving the best or near-
best results on five datasets including GQA, TextVQA, and
MME. This suggests that moderate global token retention,
combined with instruction-guided selection, ensures robust
performance under extreme pruning.

Analysis of the Semantic-Context Trade-Off Factor o:
We evaluate the effect of the semantic-context trade-off fac-
tor « € {0.2,0.3,0.4} on LLaVA-1.5-7B under a pruning
ratio of 88.9% across ten multimodal benchmarks. As shown
in Figure 7, the model exhibits overall stable performance,
with a = 0.3 performing better on POPE and MMBCN.
This indicates that increasing the semantic weight benefits
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Figure 7: Analysis of the semantic-context trade-off factor
across ten datasets.

complex reasoning and that @ = 0.3 achieves a good bal-
ance between semantic alignment and context preservation,
effectively reducing clustering redundancy.

Conclusion

In this paper, we propose a novel instruction-centric visual
token pruning framework, ICCTP. From the perspective of
cross-modal information bottleneck attribution, we conduct
an in-depth analysis of the semantic interaction between lan-
guage instructions and visual features, revealing that nouns
in instructions serve as stable semantic anchors within the
cross-modal representation space. Building on this insight,
we design a cross-modal clustering-based pruning strategy
that leverages nouns as clustering centers, while incorporat-
ing global attention to preserve the overall visual context.
This significantly enhances the semantic relevance and sta-
bility of the pruning process.

ICCTP is plug-and-play and requires no additional train-
ing, ensuring compatibility with mainstream LVLM archi-
tectures. It maintains over 90% of the original performance
even under an aggressive pruning ratio of 94.4%, while sub-
stantially reducing inference costs. These results demon-
strate the feasibility and generality of token pruning guided
by informative linguistic cues. Furthermore, our method lays
a solid foundation for future research on efficient represen-
tation compression in tasks such as fine-grained instruction
understanding and multi-granular semantic guidance.
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