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Abstract

Large Vision-Language Models (LVLMs) incur high compu-
tational costs due to significant redundancy in their visual to-
kens. To effectively reduce this cost, researchers have pro-
posed various visual token pruning methods. However, exist-
ing methods are generally limited, either losing critical vi-
sual information prematurely due to pruning in the vision en-
coder, or leading to information redundancy among the se-
lected tokens due to pruning in the Large Language Models
(LLMs). To address these challenges, we propose a Visual
and Textual Semantic Collaborative Pruning framework (ViT-
CoP) that combines redundancy filtering in the vision encoder
with step-wise co-pruning within the LLM based on its hi-
erarchical characteristics, to efficiently preserve critical and
informationally diverse visual tokens. Meanwhile, to ensure
compatibility with acceleration techniques like FlashAtten-
tion, we introduce the L2 norm of K-vectors as the token
saliency metric in the LLM. Extensive experiments on var-
ious Large Vision-Language Models demonstrate that ViT-
CoP not only achieves state-of-the-art performance surpass-
ing existing methods on both image and video understanding
tasks, but also significantly reduces model inference latency
and GPU memory consumption. Notably, its performance ad-
vantage over other methods becomes even more pronounced
under extreme pruning rates.

Code — https://github.com/chaser682/ViTCoP

1 Introduction

The monumental success of Large Language Models
(LLMs) in the domain of language understanding (Achiam
et al. 2024; Chiang et al. 2023; Touvron et al. 2023; Yang
et al. 2025) has catalyzed the proliferation and remarkable
advancement of Large Vision-Language Models (LVLMs).
LVLMs (Lin et al. 2024; Liu et al. 2023, 2024a; Zhang et al.
2024d) operate by encoding visual information from images
and videos into a vast number of visual tokens. Through a
lightweight modality-alignment module (Liu et al. 2023; Bai
et al. 2025; Li et al. 2023a), these visual tokens are concate-
nated with text tokens and subsequently fed into an LLM for
instruction fine-tuning (Liu et al. 2023). This paradigm has
endowed LVLMs with powerful multimodal perception and
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Figure 1: Visual question answering results of LLaVA-1.5-
7B with different pruning methods.

reasoning capabilities across a spectrum of tasks, including
image comprehension and video question-answering.

However, despite their exceptional performance, the sub-
stantial computational cost of LVLMs presents a critical bot-
tleneck. The inherent density of visual information, partic-
ularly in high-resolution images or long videos, results in
the generation of thousands, or even tens of thousands, of
visual tokens (Zhang et al. 2024b; Chen et al. 2024a; Maaz
et al. 2024). Given that the computational complexity of the
Transformer architecture scales quadratically with the input
sequence length, this deluge of visual tokens leads to pro-
hibitive inference latency and GPU memory consumption.
This overhead severely constrains the efficient deployment
and application of LVLMs in resource-constrained environ-
ments such as autonomous driving, robotics, and edge com-
puting (Kim et al. 2024; Liu et al. 2024b; Qu et al. 2025;
Yang et al. 2024b; Yao et al. 2024).

Existing research indicates that a high degree of in-



formation redundancy exists among the visual tokens in
LVLMs (Chen et al. 2024b; Shang et al. 2024; Xing et al.
2025; Zhang et al. 2025; Yang et al. 2024a). To address this
challenge, visual token pruning has emerged as a promis-
ing technical direction, with current work broadly catego-
rized into two paradigms. The first is text-agnostic prun-
ing, which operates solely on visual information without
considering the specific text instruction. For instance, Vi-
sionZip (Yang et al. 2024a) identifies dominant tokens via
attention scores and employs a token fusion strategy to ex-
tract contextually rich representations. The fundamental lim-
itation of such methods, however, is their disregard for guid-
ance from the language instruction. As illustrated in Fig-
ure 1, when asked "What is written on the poster at the upper
left?”, a text-agnostic method like VisionZip retains many
visually salient tokens from the player and court, but may
fail to focus on the specific poster, leading to an incorrect
answer.Since user queries often pertain to specific regions,
this text-agnostic strategy may preserve task-irrelevant vi-
sual information, degrading model performance.The sec-
ond category, text-guided pruning, leverages the textual in-
struction to direct the process. Methods like FastV (Chen
et al. 2024b) and PyramidDrop (Xing et al. 2025) use text-
attention scores to identify and discard unimportant tokens,
but this may leads to high redundancy among the selected
tokens.Similarly, SparseVLM (Zhang et al. 2025) employs
visually-relevant text tokens as raters to filter for important
visual tokens. However, it also has its limitations. When
text instructions are broad or focus on similar concepts,
the visual tokens selected under this guidance may exhibit
significant content overlap, leading to high information re-
dundancy and insufficient diversity.Consequently, existing
methods face a significant challenge: purely visual pruning
risks losing critical details, while purely text-guided pruning
in the LLM tends to yield high informational redundancy.

To resolve these challenges, we propose ViTCoP, a
Visual-Text Collaborative Pruning framework. Our core in-
sight is that an optimal pruning strategy must synergisti-
cally leverage semantic information from different modali-
ties at distinct stages of the LVLM’s processing pipeline. To
this end, ViTCoP employs an innovative three-stage strat-
egy. First, within the vision encoder, we perform a coarse-
grained, visually-guided pruning to remove patently redun-
dant tokens from backgrounds or repetitive textures. Second,
in the shallow layers of the LLM, where the model per-
forms initial global cross-modal understanding (Neo et al.
2025; Zhang et al. 2024c), we employ a vision-text syner-
gistic pruning to ensure the retained tokens are both highly
relevant to the query and semantically diverse. Finally, in
the deep layers of the LLM, as the model’s understanding of
the instruction becomes progressively more focused (Parekh
et al. 2024; Chen et al. 2024b; Xing et al. 2025), we transi-
tion to a text-guided, fine-grained pruning to further refine
the selection down to the core visual evidence most directly
pertinent to the final answer.

Through this hierarchical and progressive strategy, ViT-
CoP adeptly balances the preservation of critical informa-
tion with the promotion of token diversity. Furthermore, to
ensure compatibility with modern acceleration techniques
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Figure 2: Analysis of initial visual token redundancy. (a) A
small fraction of tokens captures a majority of the attention
score. (b) Model performance shows minimal degradation
even when a large portion of tokens is pruned.

such as FlashAttention (Dao et al. 2022; Dao 2023), we
innovatively introduce the L2 norm of key vectors as a
lightweight yet effective saliency metric for token selection
in LVLMs. Extensive experiments on multiple mainstream
LVLMs demonstrate that ViTCoP not only achieves state-
of-the-art performance on image and video understanding
benchmarks but also significantly reduces inference latency
and GPU memory footprint.

2 Insights
2.1 Initial Redundancy of Visual Tokens

Our study reveals significant initial redundancy in visual to-
kens generated by the Vision Transformer. On the LLaVA-
1.5-7B model (Liu et al. 2023), we found that the top 10% of
tokens with the highest attention scores contribute over 60%
of the total attention weight (Figure 2a). More importantly,
retaining just the top 20% of tokens is sufficient to maintain
approximately 95% of the model’s performance across vari-
ous image-language understanding benchmarks (Figure 2b).
This confirms that a small subset of visual tokens can repre-
sent the vast majority of an image’s information.

Key Insight 1: A large number of visual tokens can be
pruned before entering the LLM with minimal impact on
model performance.

2.2 K-Vector L2 Norm: An Efficient Proxy for
Token Saliency

Pruning based on attention scores, as used in methods like
FastV (Chen et al. 2024b), is effective but often incompati-
ble with modern computational optimizations like FlashAt-
tention (Dao et al. 2022; Dao 2023). Inspired by recent
work (Devoto et al. 2024), we investigate the L2 norm of
Key (K) vectors as a lightweight proxy. Our analysis re-
veals a strong negative correlation between the K-vector L2
norm and attention scores (Figure 3a). Furthermore, compar-
ative experiments show that pruning based on the smallest
L2 norm achieves performance that is competitive with, and
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Figure 3: Validation of K-vector L2 norm as a saliency
proxy. (a) A strong negative correlation exists between L2
norm and attention. (b) L2 norm-based pruning is competi-
tive with, or superior to, attention-based methods.

at times superior to, attention-based pruning across multiple
benchmarks (Figure 3b).

Key Insight 2: In LVLMs, the K-vector L2 norm is a
lightweight and effective proxy for token saliency within the
LLM, where a smaller norm corresponds to higher impor-
tance.

2.3 Evolving Importance of Visual Tokens in
LLM

The importance of visual tokens is not static but evolves as
they propagate through the LLM layers. By analyzing the
distribution of attention scores across different layers (Fig-
ure 4), we observe a clear functional shift: the LLM tran-
sitions from aggregating diverse, global information in the
shallow layers to focusing on key local details in the deep
layers.

Key Insight 3: The LLM aggregates global visual infor-
mation in shallow layers and focuses on absorbing key local
visual information in deep layers.

3 Method

In this paper, we propose ViTCoP, a dynamic token prun-
ing framework based on Visual-Textual Semantic Collabo-
rative Pruning. The core strategy of ViTCoP is to synergis-
tically leverage visual-textual semantic information to per-
form a multi-stage, differentiated pruning adapted to the dif-
ferent phases of a LVLM. As illustrated in Figure 5, ViT-
CoP consists of three stages: (I) Coarse-grained pruning
guided by visual saliency in the vision encoder; (II) Collab-
orative visual-textual semantic-guided pruning in the shal-
low layers of the LLM to acquire tokens that are both se-
mantically diverse and text-relevant; and (III) Fine-grained
pruning guided by textual saliency in the deep layers of the
LLM. Through this synergistic visual-textual pruning strat-
egy, ViTCoP strikes a balance between preserving critical
and diverse information.

3.1 Stage I: Visual Saliency-Guided Pruning in
the Vision Encoder

As discussed in Section 2.1, a significant number of redun-
dant tokens already exist in the vision encoder. Therefore,
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Figure 4: Heatmap of visual token attention scores across
LLM layers.

this initial stage aims to eliminate highly redundant tokens,
such as those from information-sparse backgrounds or repet-
itive textures, to provide a high-quality input for the subse-
quent fine-grained pruning within the LLM. Specifically, for
the visual tokens entering the LVLM’s projection layer (in-
cluding the [CLS] token in CLIP (Radford et al. 2021)), we
define the saliency score of the ¢-th visual token based on the
attention it receives from the [CLS] token:

H
Si=> A,

h=1

(D

where H is the number of attention heads, and Agfi) rep-
resents the attention score from the [CLS] token (at in-
dex 0) to the i-th visual token in the h-th attention head.
By ranking the visual tokens based on their saliency scores
S; and selecting the top-ranking ones, this stage preserves
high-saliency tokens rich in information, removing useless
redundancy for the subsequent pruning stages in the LLM.

3.2 Stage II: Visual-Textual Collaborative
Pruning in Shallow LLM Layers

As established in Section 2.3, the LLM needs to perform a
preliminary global understanding by integrating both visual
and textual information in its shallow layers. Therefore, we
employ a collaborative visual-textual semantic-guided prun-
ing strategy to ensure that the retained tokens are not only
semantically diverse but also highly relevant to the text.

Visual Semantic Guidance: VIC Algorithm For visual
semantic guidance, we introduce the Visual Information
Clustering (VIC) algorithm, designed to preserve the diver-
sity of visual semantic information. Specifically, the inputs
to VIC are the feature vectors of the high-saliency tokens re-
tained from Stage I and their corresponding position vectors
in the original image. The output of our algorithm depends
on three parameters: a cutoff distance (d..), a spatial thresh-
old (7), and a ratio of cluster centers. We calculate feature
and spatial distances, and the local density p; for each token

1 is computed as:
(da)
d. ’

pi =Y exp
J#i

where d;; denotes the feature distance between tokens ¢ and

J-

2
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Figure 5: The ViTCoP framework’s three-stage process: (a) Coarse pruning in the Vision Encoder via ‘[CLS]‘ attention, (b)
Collaborative pruning in shallow LLM layers using VIC clustering and K-norm merging, and (c) Aggressive text-saliency

pruning in deep LLM layers.

For each token 7, we find the minimum feature distance ¢;
to another token j that has a higher density (p; > p;) and is
within the spatial distance threshold 7:

(51' = . min dij, (3)
3P >pi
dypatial (4,5) <7

where dgpatial (¢, §) represents the spatial distance between to-
kens 7 and j.

We then calculate an importance score y; = p;-9; for each
token, where tokens with the highest importance scores are
designated as cluster centers. Subsequently, each non-center
token is assigned to the cluster of its nearest center. Our al-
gorithm ensures that each token is clustered into a semanti-
cally coherent group, thereby satisfying the subsequent need
to retain semantically diverse tokens.

Textual Semantic Guidance As noted in Section 2.2, the
L2 norm of the Key (K) vectors exhibits a strong negative
correlation with attention scores. That is, visual tokens more
relevant to the text tend to have smaller K-vector L2 norms.
Therefore, we use the L2 norm of the K vectors from the
LLM’s attention module as a token saliency metric. The L2
norm of a token’s K vector is calculated as:

H
Kl = | I3, @)
h=1
where H is the number of attention heads and K(h) is the K

i

vector of the i-th token in the h-th head.

Collaborative Pruning and Merging To achieve collab-
orative pruning guided by both visual and textual semantics,
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we proceed as follows. Given a set of visual tokens with their
cluster labels from the VIC algorithm and their K-vector L2
norms, we first assign a retention quota g, to each cluster c.
This quota determines the number of elite tokens to be re-
tained from that cluster and is proportional to the cluster’s
relative size, ensuring minimal information loss:

om |G
chv;1|ck|

where B is the total budget for elite tokens, |C,| is the size
of cluster ¢, and IV, is the total number of clusters. For the
selection of elite tokens within each cluster, we select the top
q. tokens with the smallest K-vector L2 norms, as a smaller
norm indicates higher relevance to the text. Finally, the re-
maining tokens within each cluster are merged into a single
representative token by averaging their feature vectors:

! Z tia

Cremaining
[

(B—Nc)|, ®)

merged __
t, =

(6)

where Ce"""™" denotes the set of remaining tokens in clus-
ter c after elite selection, and t; represents the feature vec-
tor of token ¢. This collaborative approach ensures that both
fine-grained details and generalized context are preserved.

3.3 Stage III: Textual Saliency-Guided Pruning in
Deep LLM Layers

Once the token sequence propagates to the deep layers of
the LLM, the model has progressively absorbed a substan-
tial amount of semantic information from the visual tokens.
As per Section 2.3, the LLM in its deep layers focuses on



Method COCO Flickr GQA MMB MME NoCaps OK-VQA POPE QBench SQA VQA-v2 Avg (%)
1.102 0.750 0.619 64.08 1862 1.055 0.534 0.858 0.585 0.695 0.716
Vanilla (100.0%) (100.0%) (100.0%) (100.0%) (100.0%) (100.0 %) (100.0%) (100.0%) (100.0% ) (100.0%) (100.0%) 100.0 %
Retain 192 Tokens (| 66.7 %)
1.082 0.741 0.527 60.57 1612 1.033 0.512 0.646 0.581 0.672 0.663
FastV (98.1%) (98.7%) (85.1%) (94.5%) (86.6%) (97.9%) (95.9%) (75.3%) (99.3%) (96.7%) (92.6%) 92.8%
1.091 0.734 0.574 63.75 1797 1.023 0.508 0.810 0.581 0.692 0.678
PyramidDrop  (99.0%) (97.9%) (92.7%) (99.5%) (96.5%) (97.0%) (95.1%) (94.4%) (99.3%) (99.6%) (94.7%) 96.9%
1.087 0.720 0.576 62.92 1721 1.010 0.520 0.837 0.575 0.692 0.706
SparseVLM (98.6%) (95.9%) (93.0%) (98.2%) (92.4%) (95.7%) (97.4%) (97.5%) (98.3%) (99.6%) (98.6%) 96.8%
1.070 0.737 0.593 63.66 1782 1.023 0.525 0.853 0.575 0.689 0.686
VisionZip (97.0%) (98.3%) (95.8%) (99.3%) (95.7%) (97.0%) (98.3%) (99.4%) (98.3%) (99.1%) (95.8%) 97.6%
1.078 0.735 0.600 64.26 1816 1.019 0.536 0.855 0.579 0.684 0.705
ViTCoP (Ours) (97.8%) (98.0%) (96.9%) (100.3%) (97.5%) (96.6%) (100.4%) (99.6%) (99.0%) (98.4%) (98.5%) 98.5%
Retain 128 Tokens (| 77.8%)
1.044 0.719 0.496 57.29 1490 0.995 0.486 0.597 0.579 0.602 0.632
FastV 94.7%) (95.8%) (80.1%) (89.4%) (80.0%) (94.3%) (91.0%) (69.5%) (99.0%) (86.6%) (88.3%) 88.9%
1.039 0.692 0.572 59.89 1761 0.969 0.491 0.738 0.581 0.684 0.650
PyramidDrop  (94.2%) (92.2%) (92.4%) (93.5%) (94.6%) (91.8%) (91.9%) (86.0%) (99.3%) (98.4%) (90.8%) 93.2%
0.940 0.583 0.561 60.71 1696 0.823 0.509 0.805 0.572 0.672 0.684
SparseVLM (85.3%) (77.7%) (90.6%) (94.7%) (91.1%) (78.0%) (95.3%) (93.8%) (97.8%) (96.7%) (95.5%) 90.6%
1.037 0.713 0.576 62.37 1761 0.989 0.507 0.833 0.570 0.689 0.665
VisionZip 94.1%) (95.1%) (93.0%) (97.3%) (94.6%) (93.7%) (95.0%) (97.1%) (97.4%) (99.1%) (92.9%) 95.4%
1.064 0.724 0.592 63.83 1785 1.008 0.531 0.846 0.577 0.684 0.682
ViTCoP (Ours) (96.5%) (96.5%) (95.6%) (99.6%) (95.9%) (95.5%) (99.4%) (98.6%) (98.6%) (98.4%) (95.2%) 97.3%
Retain 64 Tokens (] 88.9%)
0.815 0.511 0.462 50.43 1256 0.768 0.370 0.483 0.540 0.512 0.503
FastV (73.9%) (68.1%) (74.6%) (78.7%) (67.5%) (72.8%) (69.3%) (56.3%) (92.3%) (73.7%) (70.2%) 72.5%
0.648 0.372 0.475 56.10 1561 0.627 0.395 0.692 0.551 0.608 0.578
PyramidDrop  (58.8%) (49.6%) (76.7%) (87.5%) (83.8%) (59.4%) (74.0%) (80.6%) (94.2%) (87.5%) (80.7%) 76.6%
0.731 0.419 0.527 57.90 1505 0.584 0.451 0.758 0.563 0.622 0.615
SparseVLM (66.3%) (55.9%) (85.1%) (90.4%) (80.8%) (55.4%) (84.5%) (88.3%) (96.2%) (89.5%) (85.9%) 80.7%
0.948 0.651 0.551 60.31 1690 0.900 0.478 0.771 0.559 0.690 0.631
VisionZip (86.0%) (86.8%) (89.0%) (94.1%) (90.8%) (85.3%) (89.5%) (89.9%) (95.6%) (99.3%) (88.1%) 90.4%
1.032 0.696 0.574 63.06 1744 0.973 0.508 0.807 0.568 0.688 0.663
ViTCoP (Ours) (93.6%) (92.8%) (92.7%) (98.4%) (93.7%) (92.2%) (95.1%) (94.1%) (97.1%) (99.0%) (92.6%) 94.7%

Table 1: Performance on LLaVA-1.5-7B. Each cell shows the score and retention rate (%). The best result in each group is

highlighted.

assimilating key local visual information. As the model’s
understanding of visual information deepens and becomes
more focused, a high degree of redundancy emerges among
the visual tokens because their core information has been
effectively captured. Therefore, we employ a text-saliency-
only guided pruning in the deep LLM layers to eliminate a
large number of visual tokens that are either irrelevant to the
text or whose information has already been aggregated and
understood by the model. Specifically, we use the L2 norm
of the visual token’s K vectors (as defined in Eq. 4) to retain
the top-ranking salient tokens that contain key local infor-
mation.

This three-stage, coarse-to-fine filtering significantly en-
hances ViTCoP’s efficiency while maintaining performance.

4 Experiments
4.1 Experimental Settings

Baselines and Models To evaluate the effectiveness of our
proposed ViTCoP framework, we compare it against four re-
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cent and competitive token pruning baselines: FastV(Chen
et al. 2024b), PyramidDrop(Xing et al. 2025), Sparse-
VLM(Zhang et al. 2025), and VisionZip(Yang et al. 2024a).
Our experiments are conducted on a suite of LVLMs to
demonstrate its broad applicability. Specifically, we use
LLaVA-1.5-7B (Liu et al. 2023)for image task evaluation,
and the more advanced LLaVA-NeXT-7B(Liu et al. 2024a)
and LLaVA-NeXT-Video-7B(Zhang et al. 2024d) for high-
resolution image and video evaluations, respectively.

Datasets Our evaluation covers a wide range of standard
benchmarks to ensure a comprehensive assessment of per-
formance across both image and video understanding tasks.
For the image-language evaluation, we used 11 diverse
datasets: COCO-2017(Lin et al. 2015), Flickr30k(Young
et al. 2014), GQA(Hudson and Manning 2019), MM-
Bench(Liu et al. 2024c), MME(Fu et al. 2024), No-
caps(Agrawal et al. 2019), OK-VQA(Marino et al. 2019),
POPE(Li et al. 2023b), QBench(Wu et al. 2024), Sci-
enceQA(Lu et al. 2022), and VQA-v2(Goyal et al. 2017).



Method COCO GQA MMB POPE Avg(%) Method EgoSch MVB Next-QA V-MME Avg (%)
1.000 0.643 67.01 0.865 0.414 44.95 26.64 32.41
Vanilla (100.0%) (100.0%) (100.0%) (100.0% ) 100.0 % Vanilla (100.0%) (100.0%) (100.0%) (100.0 %) 100.0 %
Retain 320 Tokens (| 88.9%) Retain 128 Tokens (| 88.9%)
0.629 0.533 58.68 0.599 0.345 40.78 23.99 29.26
FastV (62.9%) (82.9%) (87.6%) (69.2%) 75.7% FastV (83.2%) (90.7%) (90.1%) (90.3%) 88.6%
0.839 0.578 64.78 0.827 0.357 38.80 21.52 29.81
SparseVLM (83.9%) (89.9%) (96.7%) (95.7%) 91.6% PyramidDrop (86.3%) (86.3%) (80.8%) (92.0%) 86.4%
0.625 0.375 59.36 0.659 0.406 43.13 24.77 30.30
PyramidDrop  (62.5%) (58.3%) (88.6%) (76.2%) 71.4% Sparse VLM (98.0%) (96.0%) (93.0%) (93.5%) 95.1%
0.826 0.593 63.83 0.824 0.370 40.80 23.36 30.26
VisionZip (82.6%) (92.2%) (95.2%) (95.3%) 91.4% VisionZip (89.3%) (90.8%) (87.7%) (93.4%) 90.3%
0.912 0.610 64.78 0.846 0.405 43.30 25.60 32.67
ViTCoP (Ours) (91.2%) (94.9%) (96.7%) (97.8%) 95.1% ViTCoP (Ours) (97.7%) (96.3%) (96.1%) (100.8%) 97.7%
Retain 160 Tokens (| 94.4%) " .
0697 0556 0.0 0757 Table 3: Performance on 4 video benchmarks from LLaVA-
VisionZip (69.7%) (86.5%) (89.6%) (87.5%) 83.3% NeXT-Video-7B.
0.844 0.584 62.89 0.816
ViTCoP (Ours) (84.4%) (90.8%) (93.8%) (94.3%) 90.8%

Table 2: Performance comparison on 4 key datasets from
LLaVA-NeXT-7B. “At 94.4% compression, some methods
are omitted due to incompatibility.

For the video-language evaluation, we utilized 4 representa-
tive datasets: EgoSchema(Mangalam, Akshulakov, and Ma-
lik 2023), MVBench(Li et al. 2024), Next-QA(Xiao et al.
2021), and Video-MME(Fu et al. 2025).

Implementation Details For our ViTCoP framework, we
configure the three-stage pruning process as follows: the first
stage occurs at the output of the vision encoder, while the
second and third stages are applied at the 2nd and 22nd lay-
ers of the LLM, respectively. For the VIC clustering algo-
rithm, we set the distance threshold d. = 8 and the spatial
threshold 7 = 0.6. These hyperparameters were established
based on preliminary experiments. They were kept fixed
across all benchmarks without any dataset-specific fine-
tuning to validate the robustness and strong generalization
capabilities of our method. To ensure a fair comparison, all
baseline methods adhere to their original experimental set-
tings. All experiments were conducted on NVIDIA V100s
GPUs, and all benchmarks were run using the lmms-eval
package (Zhang et al. 2024a).

4.2 Image-Language Understanding Tasks

In this section, we systematically evaluate the performance
and robustness of ViTCoP on two mainstream large vision-
language models. We first conduct comprehensive tests on
the LLaVA-1.5-7B model across 11 mainstream benchmark
datasets. Subsequently, we further validate the scalability
of ViTCoP under extreme compression scenarios on the
higher-resolution LLaVA-NeXT-7B model.

Performance on LLaVA-1.5-7B We evaluate the perfor-
mance of ViTCoP under three pruning intensities: retaining
192 (66.7% pruning), 128 (77.8% pruning), and 64 (88.9%
pruning) tokens from the original 576 visual tokens. As
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shown in Table 1, ViTCoP achieves the best average perfor-
mance across all compression settings, significantly outper-
forming existing methods. For instance, at a moderate prun-
ing rate (192 tokens), ViTCoP improves upon the next-best
method, VisionZip, by 0.9%. At an aggressive pruning of
64 tokens, ViTCoP still maintains 94.7% performance, sur-
passing VisionZip and SparseVLM by 4.3% and 14%, re-
spectively. It is worth noting that on some datasets, ViTCoP
even exceeds the performance of the original model, reach-
ing 100.3% on MMBench and 100.4% on OK-VQA. This
suggests that our method not only effectively removes re-
dundancy but can also mitigate the impact of interfering in-
formation on the model.

Performance on LLaVA-NeXT-7B To verify the gener-
alization capability of ViTCoP on high-resolution images,
we conducted further experiments on the LLaVA-NeXT-
7B model, which uses 2880 visual tokens, making more
extreme pruning settings possible. We focused on evaluat-
ing two pruning rates: 88.9% and 94.4%. As shown in Ta-
ble 2, ViTCoP retains 95.1% of the average performance
at an 88.9% pruning rate, significantly outperforming Vi-
sionZip’s 91.4%. At the more aggressive 94.4% pruning
rate, ViTCoP still achieves a 90.8% retention rate, far ex-
ceeding VisionZip’s 83.3%. Notably, other methods such as
FastV, PyramidDrop, and SparseVLM failed to run under
this compression intensity and were therefore not included
in the comparison. These results further validate the stabil-
ity and strong generalization capability of ViTCoP under ex-
treme compression conditions.

4.3 Video-Language Understanding Tasks

This section further evaluates the generalization and robust-
ness of ViTCoP on dynamic temporal data. We extend the
evaluation from static images to the video domain, conduct-
ing experiments with the LLaVA-NeXT-Video-7B model
on four representative video question-answering datasets:
EgoSchema, MVBench, Next-QA, and Video-MME. For
these tasks, we uniformly apply an aggressive pruning rate
of 88.9%.



Ablation TFLOPs COCO GQA MMB POPE POPE TFLOPsGPU Mem Prefill Time/Tok
ViTCoP (Ours) 0.82 1.032 0.574 63.06 0.807 0.863 31.55 30.80 914 62.67
w/o K-norm Guidance  0.82  1.011 0.556 62.54 0.760 LLaVA-NeXT (100%) (100%) (100%) (100%) (100%)
w/o Attention Guidance (.82 1.015 0.563 62.63 0.771 0.661 1.79 27.12 126 53.39
w/o Stage I Pruning 0.91 0.086 0.389 20.27 0.283 VisionZip (76.6%) (5.7%) (88.1%) (13.8%) (85.2%)
w/o Stage III Pruning 0.81 1.046 0.571 62.46 0.784 0755  1.69 2713 139 5353

Table 4: Ablation study. "w/o K-norm Guidance” uses only
attention; "w/o Attention Guidance” uses only K-vector L2-
norms. TFLOPs is avg. cost on COCO.

As shown in Table 3, ViTCoP retains 96.3% and 96.1% of
the performance on MVBench and Next-QA, respectively.
In terms of average performance, ViTCoP (97.7%) signif-
icantly outperforms SparseVLM (95.1%) and achieves the
best results on three of the four benchmarks. ViTCoP’s per-
formance on Video-MME is particularly outstanding, reach-
ing 100.8% and even surpassing the original, unpruned
model. Overall, our method achieves an average perfor-
mance retention rate of 97.7% across the four datasets, fully
demonstrating ViTCoP’s excellent generalization capabili-
ties in video-language large models. These results indicate
that ViTCoP not only excels in static image understand-
ing but also maintains exceptional performance in complex
video-language tasks, establishing it as a general and robust
token pruning framework.

4.4 Ablation Study

To evaluate ViTCoP’s key components, we conduct an ab-
lation study on the COCO, GQA, MMBench, and POPE
datasets. We assess the multistage pruning and saliency met-
rics by creating four variants: w/o K-norm Guidance, using
only attention scores; w/o Attention Guidance, using only
the K-vector L2-norm; w/o Stage I Pruning, removing the
initial coarse-grained pruning; and w/o Stage IIl Pruning,
removing the final fine-grained pruning. Stage II is not ab-
lated as it is integral to the pruning pipeline.

The ablation results in Table 4 demonstrate that the full
ViTCoP method significantly outperforms all variants. In
particular, when using only the K-vector L2-norm as the
saliency metric (w/o Attention Guidance), performance does
not degrade compared to w/o K-norm Guidance, but it even
slightly improves on some tasks. This highlights the K-
vector L2-norm as an effective and robust proxy for to-
ken importance, with strong generalization and compatibil-
ity with modern acceleration techniques like FlashAttention.
Additionally, the absence of visual guidance from VIC in
the second stage, which relies only on the L2-norm for text-
guided pruning, results in redundancy among retained key
tokens, and thus degrades performance compared to the full
ViTCoP.

However, removing the first stage pruning (w/o Stage
I Pruning) resulted in a catastrophic performance de-
cline. This outcome demonstrates that the initial removal
of irrelevant tokens—such as redundant backgrounds, low-
information regions, or repetitive textures—is crucial for al-
leviating the burden on subsequent pruning stages. Without
this stage, the following stages struggle to discern redun-

24157

ViTCoP (Ours) (87.5%) (5.4%) (88.1%) (15.2%) (85.4%)

Table 5: Efficiency analysis of ViTCoP on LLaVA-NeXT-
13B. Units: TFLOPs for computation, GB for GPU Memory,
and ms for latency (Prefill and Time/Token).

dancy, thereby retaining excessive noisy tokens that severely
interfere with the model’s representation capabilities.

Interestingly, removing the third stage pruning (w/o Stage
III Pruning) led to a slight improvement in the COCO
dataset. This may be because the image-text matching task
in COCO is highly sensitive to the aggregation of fine-
grained visual semantics, and the further pruning in the third
stage might inadvertently remove some detailed informa-
tion, affecting the final performance.

In summary, the three stages of our method form a com-
plementary and synergistic relationship. Removing any sin-
gle stage leads to a performance drop or even significant
degradation, highlighting the critical role of ViTCoP’s mul-
tistage, progressive pruning strategy in achieving both effec-
tiveness and robustness.

4.5 Efficiency Analysis

ViTCoP achieves significant inference acceleration and
computational savings by substantially reducing the num-
ber of visual tokens processed by the LLM. On the POPE
dataset, we conduct a comparison based on LLaVA-NeXT-
13B (Liu et al. 2024a) against the vanilla model and Vi-
sionZip. As shown in Table 5, ViTCoP reduces TFLOPs
by over 94%, decreases prefill latency by 85%, and sig-
nificantly shortens the generation time per token. Despite
having efficiency comparable to VisionZip, ViTCoP demon-
strates about 10% higher performance retention, showcasing
a superior trade-off between efficiency and performance.

5 Conclusion

In this paper, we introduce ViTCoP, a visual-textual seman-
tic collaborative pruning framework designed to ensure that
retained visual tokens are both crucial and informationally
diverse. Extensive experiments on image and video under-
standing tasks demonstrate its effectiveness. ViTCoP main-
tains nearly 95% of baseline performance at a high compres-
sion rate of 88.9% and achieves performance retention of up
to 97.7% on video tasks, comprehensively outperforming
existing state-of-the-art methods. As a tuning-free frame-
work, ViTCoP reduces the TFLOPs of the model by more
than 94% while significantly reducing inference latency and
GPU memory consumption. This offers a superior solution
for the efficient deployment of Large Vision-Language Mod-
els in resource-constrained environments.
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