HAWK: Head Importance-Aware Visual Token Pruning in Multimodal Models

Supplementary Material

A. Extended Analysis on Visual Head Ablation

Comparison of Results for Different Heads

Nommalized Score (Relative.

Figure 1. Visual Head Ablation Study. Comparison of results
across different benchmarks relative to the Base model. The red
dashed line indicates the baseline performance (1.0).

As discussed in the main text, masking the visibil-
ity of visual tokens for specific attention heads results in
a consistent pattern of performance variation across di-
verse tasks. To further verify the generalizability of this
finding, we expanded our evaluation scope in this sec-
tion. Specifically, we selected three representative atten-
tion heads (Head 1, Head 2, and Head 27) for in-depth as-
sessment across a broader suite of benchmarks, including
MME[1], ChartQA[9], RealworldQA[13], CCBench[7],
OCRVqa[10], ScienceQA-IMG[8], and POPE[6]. Note that
certain benchmarks were excluded from this analysis due to
Out-Of-Memory (OOM) errors encountered during evalua-
tion to ensure experimental feasibility.

The results, illustrated in Figure 1, strongly corroborate
our conclusions in the main text regarding the functional
specificity of visual heads. Specifically, Head 2 demon-
strates a critical role across the majority of benchmarks;
masking this head causes substantial performance degra-
dation, particularly on tasks demanding fine-grained visual
perception such as CCBench and POPE (where normalized
scores drop below 0.9). In contrast, masking Head 27 yields
no negative impact and even leads to marginal performance
gains on specific tasks, suggesting that this head likely en-
codes redundant information or visual noise. Furthermore,
the varying sensitivity to head masking across benchmarks,
exemplified by the drastic fluctuations on CCBench ver-
sus the relative stability on ScienceQA, further underscores
the high dependency of complex reasoning tasks on spe-
cific critical visual heads. We validated head importance
on 5 datasets across two models (LLaVA, Qwen). As
shown in Fig. 2, head rankings remain consistent across
datasets for each model. This proves our method is dataset-
independent and relies on intrinsic model features. We will
open-source these universal head weights for mainstream
MLLMs in the future.
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Figure 2. Cross-model analysis of visual head ablation.

Table 1. Comparison with baselines at varying pruning ratios.

Method | Ratio | MME ~ ChartQA  TextVQA  AI2D  RealWorld | Avg. Rel.
Full Model | 1.0 | 2315 86.2 85.2 80.7 677 | 100%
VisionZip | 0.6 | 2308 780 75.3 79.9 69.8 96.1%
DART 06 | 2260 647 73.8 732 66.1 89.5%
HAWK 06 | 2313 836 85.0 79.9 67.6 99.1%
VisionZip | 08 | 2182 621 70.1 77.9 68.2 89.2%
DART 08 | 2135 473 67.2 68.3 62.0 80.4%
HAWK 08 | 2311 7638 83.0 78.1 65.0 95.8%
VisionZip | 09 | 1923 435 61.4 71.0 63.7 77.5%
DART 09 | 1992 346 59.8 65.2 56.9 72.2%
HAWK 09 | 2101 652 79.8 753 60.4 88.5%

B. More results compared with other methods

We extended our evaluation to include comparisons with
DART [12] and VisionZip [14]. As detailed in Table 1,
HAWK consistently outperforms both baselines. Notably,
at a 0.8 pruning ratio, HAWK preserves 95.8 % of the origi-
nal performance, surpassing VisionZip (89.2%) and DART
(80.4%) by substantial margins of 6.6% and 15.4%, re-
spectively.

C. Computation Cost of Head Weights and De-
scription of Benchmarks

The offline ablation is a negligible one-time cost. As
shown in Table 2, calculating head importance takes only
0.39-0.83 hours per dataset on 8 H20 GPUs. In contrast,
training-based methods require hundreds of hours. Table3
provides a brief overview of the benchmarks.

Table 2. Overhead of head weight calculation on LLaVA-1.5-7B

Dataset Time (hours) GPU Memory (GB)
MME 0.56 14.30
POPE 0.83 14.21
RealWorldQA 0.39 14.33

D. Additional Visualization Results



Benchmark Task Type Description

Image-based Benchmarks

POPE [0] Object Hallucination Evaluates object hallucination ratios using random, popular, and adversarial sampling set-
tings.

HallBench [3] Visual Hallucination Focuses on visual illusion and hallucination detection, requiring detailed image context
reasoning.

MME [1] Comprehensive Evaluation A comprehensive suite covering 14 subtasks, including perception and cognition capabili-
ties.

ScienceQA-IMG [8] Science VQA Contains multimodal science questions with annotated reasoning explanations and image
contexts.

RealWorldQA [13] Spatial Reasoning Evaluates spatial perception and reasoning capabilities in diverse real-world environments.

CCBench [7] Cultural Understanding A benchmark designed to assess the model’s understanding of Chinese cultural contexts and
general knowledge.

TextVQA [11] OCR-VQA Requires reading and reasoning about text embedded in natural images to answer questions.

OCRVQA [10] OCR-VQA Focuses on visual question answering based on text-rich images such as book covers.

ChartQA [9] Chart Understanding Involves reasoning over complex charts and graphical data, requiring numerical and logical
analysis.

AI2D [5] Diagram Understanding Evaluates the comprehension of science diagrams and textbook illustrations.

Video-based Benchmarks

Video-MME [2] Video Understanding A comprehensive benchmark for long-duration video understanding across diverse domains.
WorldSense [4] Video Reasoning Assesses the understanding of physical laws, world dynamics, and causal reasoning in
videos.

Table 3. Overview of Evaluation Benchmarks. We select ten image-based benchmarks (divided into general/reasoning and text/diagram
categories) and two video-based benchmarks to comprehensively evaluate the model’s capabilities.
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Example 1: ChartQA (Chart Understanding )

Query: How many food item is shown in the bar graph?

Divprune: The bar graph shows seven different food items: Lamb, Barley, Beef, Tea, Pork oil, Sugar, and Cocoa.

CDPruner: The bar graph shows six different food items. The items listed are: 1. Palm oil, 2. Pork, 3. Rice, 4. Sugar, 5. Cocoa,
6. Wheat.

HAWK (Ours): The bar graph shows 14 different food items. These are: Lamb, Corn, Barley, Rye, Beef, Wheat, Coffee,
Tea,Peanuts, Palm oil, Pork, Rice, Sugar, Cocoa. So, there are 14 food items shown in the bar graph.

Figure 3. Qualitative Results: Heatmaps and Response Comparison. We present attention heatmaps to visualize the visual tokens
retained by our HAWK, where redder regions indicate higher attention scores, alongside a qualitative comparison of the generated
responses against other baseline methods. (Figure continued on the next page...)
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» Base Fare $10

» Mileage Fee $12.11
¢ Duration Fee $10.32
+ Total $32.42
+ Discount $3

¢ Actually Paid $29.42
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Query: Here are the order details for my taxi ride. Should I actually pay $29.42? Please answer yes or no.

Divprune: No.
CDPruner: No.
HAWK (Ours): Yes.
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Query: Is there a bottle in the image?

Divprune: Yes,there is a bottle in the image. It appears to be a glass bottle with a label, located on the right side of the image, near

the top.

CDPruner: No,there is no bottle in the image. The image shows a display of oranges and a sign advertising ”Orange Juice” for
sale. The sign mentions A Small Bottle,” but there are no actual bottles visible in the image.
HAWK (Ours): Yes,there is a bottle in the image. It is located on the right side of the image, near the top. The bottle appears to

be part of the display for the orange juice stand.

Figure 3. Continued.
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