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1. Experiments
1.1. IF-Prune on Different Model Architecture

In addition to the experiments on InternVL, we further
evaluate the generalizability of IF-Prune by applying it to
LLaVA-1.5 [3]. As shown in Table T1 and Table T5, we
compare IF-Prune against several strong baselines, includ-
ing ToMe [ 1], FastV [2], PyramidDrop [7], SparseVLM [9],
HiPrune [4], and VisionZIP [8].

Table T1. Comparison between IF-Prune and recent baselines on
LLaVA-1.5-7B. Please refer to the supplementary for more results.
Method GQA MMB POPE SQA MME Average
LLaVA-1.5-7B 619 64,7 869 695 1862 100%

Retain 64 tokens (11.1% token ratio)

ToMe 48.7 437 525 500 - 69.1%
FastV 46.1 480 480 51.1 1256 67.6%
PyramidDrop  47.5 588 559 692 1561 83.6%
VisionZip 551 60.1 77.0 69.0 1690 91.0%
SparseVLM 537 60.1 775 69.7 1559 84.8%
HiPrune 53.6 595 730 689 1646 88.6%
SGP 583 60.1 86.6 689 1610 87.8%
IF-Prune(ours) 584 614 86.7 69.7 1731 93.6%

While both IF-Prune and VisionZIP involve a learning
stage, the nature and cost of training are fundamentally dif-
ferent. VisionZIP requires fine-tuning the answer model on
the pruned token sequences, effectively adapting the entire
multimodal backbone to a new compressed visual input dis-
tribution. This increases computational overhead and limits
deployment flexibility. For a fair comparison, we report the
official results of untrained VisionZIP.

As shown in Table T5, IF-Prune surpasses all other base-
lines under the most aggressive pruning setting (retaining
only 64 visual tokens), which aligns with our observations
on the InternVL experiments. When retaining 128 visual to-
kens, IF-Prune achieves performance competitive with Vi-
sionZIP.

1.2. More Results

Applying token pruning in vision-language models
(VLMs) often degrades performance on fine-grained visual
understanding tasks, particularly on text-intensive datasets.
To evaluate the robustness of our method in such scenarios,
we conduct experiments on TextVQA [6] and DocVQA [5].
As shown in Table T2, when retaining only 5%—-10% of vi-
sual tokens, IF-Prune consistently outperforms SGP while
maintaining comparable inference latency.

We report results on InternVL2-8B and 26B in the main
paper, and we add InternVL2-2B in Table T3.

Table T2. Performance comparison between SGP and IF-Prune on
InternVL2 with comparable inference time.
Method ‘ InternVL2-2B InternVL2-8B

DocVQA InfoVQA|DocVQA InfoVQA |DocVQA InfoVQA
Baseline | 84.9 53.0 90.0 66.5 90.5 68.9

SGP | 803 48.4 82.7 55.8 83.5 57.4
IF-Prune  81.2 49.0 82.9 56.5 84.0 59.2

InternVL2-26B

Table T3. Performance comparison based on InternVL2-2B.

Method K |GQA MMStar MMBench VQA'*!| Average
InternVL2-2B 100%] 59.9 ~ 48.4 72.7 725 | 100%
SGP 5% |578 438 65.5 69.3 | 93.3%
IF-Prune 5% 58.1 443 69.8 68.6 95.0%

Table T4. Hyperparameters for training.

LoRA alpha 64

LoRA rank 32

Batch size (SFT) 16

Gradient accumulation (SFT) 11

Learning rate 0.00005
Optimizer AdamW

Weight decay 0.01

~ (KL warmup) 0.2 x total steps
Trmaz 0.5

Tmin 0.2

1.3. Qualitative results

In Fig. 1, Fig. 2, and Fig. 3, we provide a comparison of
the importance map and the pruning guidance provided by
SGP and our proposed IF-Prune. IF-Prune tends to assign a
higher importance score to a wider and more relevant visual
tokens than SGP. In Fig. 4 and Fig. 5, we present the qualita-
tive results of IF-Prune on the MMStar dataset, demonstrat-
ing the generalizability of IF-Prune on real-world images.

1.4. Hyperparameter

We detail the hyperparameters used for training the infor-
mation bottleneck in Table T4. To be noticed, the large
model was not involved during training. The only train-
able parts include the LoRA and the information bottleneck
module for the pruning guidance generator.
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what brand of watch is
that?
Audemars Piguet

Figure 1. Comparison of the importance map and pruning guidance proposed by SGP and IF-Prune (ours) based on the user input.
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who is at the center of all
of this?
Bryan Owens

Figure 2. Comparison of the importance map and pruning guidance proposed by SGP and IF-Prune (ours) based on the user input.
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How many food item is
shown in the bar graph?
14

Which option describe the
object relationship in the
image correctly.

A: The suitcase is on the
book.,

B: The suitcase is beneath
the cat.,

C: The suitcase is
beneath the bed.,

D: The suitcase is
beneath the book.

What is the sport being
played in the image?

A: Tennis,

B: Soccer,

C: Volleyball,

D: Basketball

Answer with the option's
letter from the given
choices directly

IF-Prune (ours) Importance Map Pruning Guidance

Figure 4. Visualization of the importance map and pruning guidance proposed by IF-Prune (ours) based on the user input.

C. V. Jawahar. Docvqa: A dataset for vqa on document im- Rohrbach. Towards vqa models that can read. In Proceedings
ages. 2021 IEEE Winter Conference on Applications of Com- of the IEEE/CVF conference on computer vision and pattern
puter Vision (WACV), pages 2199-2208, 2020. 1 recognition, 2019. 1

[6] Amanpreet Singh, Vivek Natarajan, Meet Shah, Yu Jiang, [7] Long Xing, Qidong Huang, Xiaoyi Dong, Jiajie Lu, Pan

Xinlei Chen, Dhruv Batra, Devi Parikh, and Marcus Zhang, Yuhang Zang, Yuhang Cao, Conghui He, Jiaqi Wang,
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Longjump

IF-Prune (ours) Importance Map Pruning Guidance

Figure 5. Visualization of the importance map and pruning guidance proposed by IF-Prune (ours) based on the user input.
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