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Abstract

Vision-Language Models (VLMs) encode images into
lengthy sequences of visual tokens, leading to excessive com-
putational overhead and limited inference efficiency. In this
paper, we study the hierarchical attention pattern in vision
encoders and propose HiPrune, a training-free and model-
agnostic token Pruning framework for VLMs. We identify
that middle layers in the vision encoder attend to object-
centric regions, while deep layers capture global contextual
features. Based on this observation, HiPrune selects tokens
based on the attention score from the middle and deep layers.
Our method requires no retraining and integrates seamlessly
with any ViT-based VLM. Experiments demonstrate that
HiPrune achieves outstanding pruning performance, main-
taining a balance between efficiency and efficacy.

Code — https://github.com/Danielement321/HiPrune

Introduction

Vision-Language-Model (VLM) commonly comprises a vi-
sion encoder (Radford et al. 2021), an adaptor, and an LLM
(Touvron et al. 2023). The vision encoder is a vision trans-
former (ViT) (Dosovitskiy et al. 2021) that encodes the im-
age into a sequence of tokens. These visual tokens are overly
long and redundant, accounting for the biggest proportion of
inputs. In LLaVA-1.5 (Liu et al. 2024), an image is encoded
into 576 tokens, much longer than its textual counterparts.
For VLMs that incorporate a native dynamic-resolution en-
coder, one high-resolution webpage snapshot may require
more than 10,000 tokens, resulting in a substantial compu-
tational cost and GPU memory allocation.

In this paper, we carry out analyses on the focus of each
layer in the vision encoder and propose HiPrune, a training-
free and model-agnostic visual token pruning method for
VLM inference acceleration. We point out that the middle
layers of vision encoder pay more attention to tokens that are
object-related, while the deep layers focus on tokens encod-
ing rich global information. Based on this conclusion, the
core idea of HiPrune is to preserve a compact subset of to-
kens that collectively retain both fine-grained and global vi-
sual information, guided by the hierarchical attention within
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Figure 1: Attention map for different layers of SigLIP
and CLIP. Patches with higher scores are in yellow. We can
see that the middle layer is more object-centric.

the vision encoder. Experiments demonstrate the versatility
of our conclusion on this hierarchical attention pattern and
the efficacy of our token pruning method.

Methodology

Identify the Hierarchical Attention Pattern in
Vision Encoders

In a transformer layer, the attention is computed by
K7
Vdy
where Q, K demote query and key, respectively, and dj, is
the dimension of key.

For each token, the attention score indicates the propor-
tion it takes up in all the tokens, which is computed by
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We plot the attention score for CLIP and SigLIP in Fig. 1.
In the middle layers, the model concentrates on the main ob-
ject of the image like the surf-man in Fig. 1. We further com-
pute the IoU between the object segmentation mask and top
10% high-attention tokens in Table 2 on the COCO val2017

dataset (Lin et al. 2014). The high-attention tokens from the



Token Budget| Method Venue |GQA MMB MMB™ MME POPE SQA™S VQAY? VQA™" VizWiz | Average
576 (100.0%) |LLaVA-1.5-7B CVPR24 | 619 647 581 1862 859 695 785 58.2 50.0 | 100.0%
FastV ECCV'24 | 527 612 570 1613 648 673  67.1 525 50.8 | 90.4%

HiRED' AAAI'25 | 588 626 545 1742 830 679 750 - 511 | 96.4%

192 (33.3%) SparseVLM'  ICML25 | 59.5 641 580 1780 854 688 770 577 50.6 | 98.6%
VisionZip ~ CVPR’25 | 593  63.0 - 1783 853 689  76.8 573 - 97.7%

PyramidDrop CVPR’25 | 573 633 568 1797 823  69.0  75.1 56.5 511 | 97.2%

HiPrune Ours 592 628 570 1814 861 689 767 57.6 545 | 99.3%

FastV ECCV'24 | 496 56.1 564 1490 59.6 602  61.8 50.6 513 | 854%

HiRED' AAAI'25 | 571 617 539 1714 798  68.1 735 - 514 | 95.0%

128 (22.2%) SparseVLM'  ICML’25 | 53.8 644 581 1761 850 685 763 56.7 502 | 97.0%
VisionZip ~ CVPR’25 | 57.6 62.0 - 1762 832 689 756 568 - 96.2%

PyramidDrop CVPR’25 | 57.1 616 56.6 1761 823 684 729 56.6 51.0 | 96.2%

HiPrune Ours 573 622 564 1782 828 683 749 5664 543 | 97.5%

FastV ECCV'24 | 46.1 480 527 1356 48.0  5l1.1 550 478 508 | 76.7%

HiRED' AAAI25 | 546 602 513 1595 737 682  69.8 - 533 | 91.8%

64 (11.1%) SparseVLM!  ICML’25 | 537 60.1 525 1559 775 697 702 534 504 | 91.8%
VisionZip ~ CVPR’25 | 55.1 60.1 - 1690 770 690 724 555 - 92.7%

PyramidDrop CVPR’25 | 47.5 588 505 1561 559 692 692 506 507 | 86.7%

HiPrune Ours 536 59.5 534 1646 730 689 692 549 544 | 92.7%

Table 1: Results on LLaVA-1.5-7B. All methods are training-free. ‘** denotes results reproduced by us.

Layer CLIP-L CLIP-B SigLIP SigLIP2 DeiT VJEPA2

1 0.58x  0.34x 0.57x 0.62x 027x 0.82x
L2 1x 1x 1x 1x 1x 1x
L 0.80x  0.79x 0.66x 0.64x 0.59x 0.26x

Table 2: IoU of object segmentation mask and top 10%
high-attention tokens. Higher values stand for more over-
lap on objects in the image. ‘L’ denotes the total layers in
the encoder. The data is normalized for a better comparison.

middle layer share more overlap with objects than the in-
put or output layer, indicating that the attention from the
middle layers is more correlated to objects in the image.
Previous works have argued that high-attention tokens in
the deep layer of ViT encode rich global information by con-
ducting image classification tasks on these tokens (Darcet
et al. 2024). In Fig. 1, the high-attention tokens in the out-
put layer diffuse across the whole image and can serve as
an ideal indicator of the image under a limited token bud-
get. Therefore, we can conclude that tokens receiving high
attention in deep layers encode global information.

Prune Visual Tokens by Hierarchical Attention

Specifically, we first extract attention maps from a desig-
nated object layer [, selecting tokens with the highest atten-
tion scores as Anchor Tokens, which primarily correspond
to object-centric regions. To enhance spatial continuity and
suppress potential noise in attention estimation, we augment
these anchors with adjacent Buffer Tokens. Together, an-
chor and buffer tokens encode detailed local semantics. The
remaining token budget is allocated to Register Tokens, se-
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lected from the output layer based on attention scores. As
shown in prior work (Darcet et al. 2024) and further vali-
dated in our study, these register tokens capture global con-
textual features, enabling a holistic representation of the im-
age under tight token constraints.

Experiment Results

We deploy HiPrune on LLaVA-1.5-7B and present com-
parison results in Table 1 with 192, 128, and 64 tokens
retained. Across all the settings, HiPrune consistently out-
performs existing methods, demonstrating superior perfor-
mance. Specifically, with 1/3 tokens retained, HiPrune pre-
serves 99.3% of the original model’s average performance,
almost matching the vanilla model. Even under more con-
strained budgets, HiPrune maintains robust results, achiev-
ing 97.5% with 128 tokens and 92.7 % with just 64 tokens.

Conclusion and Future Direction

In this paper, we investigate the layer-wise attention patterns
of vision encoders and reveal that middle layers predomi-
nantly capture object-centric features, while deeper layers
emphasize global representations. Motivated by this insight,
we propose HiPrune, a model-agnostic and training-free to-
ken pruning method for VLMs that leverages the hierarchi-
cal attention structure within the vision encoder. Future work
will focus on applying HiPrune to more VLMs and more
precise head-level analyses.
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