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Abstract

Recent efforts to accelerate inference in Multi-
modal Large Language Models (MLLMs) have
largely focused on visual token compression.
The effectiveness of these methods is com-
monly evaluated by measuring the accuracy
drop on existing MLLM benchmarks before
and after compression. However, these bench-
marks are originally designed to assess general
perception and reasoning abilities, rather than
the specific challenges posed by visual token
compression, leading to a fundamental task mis-
match. In this work, we uncover a counterintu-
itive yet consistent phenomenon: simple image
downsampling outperforms many advanced
visual token compression methods across
multiple widely used benchmarks. Through a
comprehensive empirical study spanning eight
popular benchmarks and multiple state-of-the-
art compression techniques, we show that (i)
current benchmarks contain substantial noise
(task-irrelevant samples) for evaluating visual
token compression, and (ii) downsampling can
act as an effective data filter that distinguishes
between simple and difficult samples with re-
spect to compression sensitivity. Motivated by
these findings, we propose VTC-Bench'?, an
evaluation framework that explicitly leverages
downsampling as a discriminator to denoise ex-
isting benchmarks, enabling a fairer and more
meaningful additional assessment of visual to-
ken compression methods.

1 Introduction

Multimodal Large Language Models (MLLMs)
have shown impressive abilities in understanding,
reasoning, and generating content across vision
and language (Chen et al., 2024d; Kang et al.,
2025; Zou et al., 2025b; Chai et al., 2024; Wen
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et al., 2026), enabling applications such as embod-
ied Al (Yin et al., 2024; Fu et al., 2025; Zhang
et al., 2025c¢,b, 2026). However, their efficiency is
often constrained by the high computational cost
of processing images, particularly at high resolu-
tions (Liu et al., 2025). This bottleneck arises be-
cause visual tokens, derived from image patches,
typically far outnumber textual tokens, leading to
substantial memory consumption and inference la-
tency (Wang et al., 2025; Chen et al., 2025a; Wen
et al., 2025b). To mitigate this issue, numerous
visual token compression methods have been pro-
posed to reduce redundancy while retaining essen-
tial visual information (Yang et al., 2025a; Xing
et al., 2024; Xiong et al., 2025; Zou et al., 2025a).

Yet, these methods are typically evaluated on
general MLLM benchmarks (Li et al., 2024b),
which are not designed for compression, therefore
failing to provide appropriate evaluation criteria.
Thus, in this paper, we uncover a surprising finding:
as in Figure 1, simple image downsampling consis-
tently outperforms many advanced compression
methods across multiple widely used benchmarks.
This suggests that current evaluation frameworks
don’t adequately capture the challenges inherent in
visual token compression.

To investigate this, we conduct a comprehensive
empirical study comparing multiple state-of-the-
art visual token compression methods against a
simple downsampling baseline across eight widely
used benchmarks. Based on the study results in Ta-
ble 1 and 2, two crucial findings are concluded: @
The counterintuitive phenomenon mentioned above
generally exists in popular benchmarks, proving
that current benchmarks are noisy for the visual
token compression task. Many task-irrelevant sam-
ples serve as noise when evaluating visual token
compression methods. @ The correct sample group
under downsampling methods has achieved signif-
icantly better accuracy than the incorrect sample
group under downsampling methods across various
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Figure 1: (a) Average Performance Retention Ratio (APRR) of five visual token compression methods on eight
benchmarks (Model: Qwen2-VL-7B; Benchmark: as shown in Table 1), supporting the observation (i): current
benchmarks contain substantial noise (task-irrelevant samples) for evaluating visual token compression. (b)
Comparison of advanced token compression methods and downsampling on Qwen2-VL-7B by groups at 75% com-
pression ratio, supporting the observation (ii): downsampling can act as an effective data filter that distinguishes
between simple and difficult samples with respect to compression sensitivity. Group A refers to the “difficult”
samples. Group B refers to the “simple” samples. The grouping strategy is explained in Section 3.4.

compression methods and benchmarks, proving
that downsampling can serve as a data filter to
evaluate the difficulty of samples upon the visual
token compression task.

Based on these findings, we propose VTC-
Bench, an evaluation framework specifically de-
signed to optimize current existing benchmarks,
aiming to serve as an additional reference bench-
mark for evaluating visual token compression meth-
ods. By explicitly distinguishing between “‘simple”’
and “difficult” samples through downsampling,
VTC-Bench adaptively and fairly selects “difficult”
samples that satisfy the requirements of evaluating
visual token compression methods.

Overall, our contributions are threefold: ® We
identify and validate the data noise (task-irrelevant
samples) in existing MLLM benchmarks on the
visual token compression task. @ We introduce a
data filtering mechanism using downsampling as
a discriminator to categorize benchmark samples
by difficulty. ® We propose VTC-Bench, the first
evaluation framework tailored for fairly evaluating
visual token compression methods, aiming to foster
more meaningful progress in this emerging field.

2 Related Work

2.1 Visual Token Compression for MLLMs

Since visual tokens typically outnumber text to-
kens in MLLMs, compressing visual tokens has

emerged as a promising strategy to accelerate in-
ference (Yao et al., 2026; Shao et al., 2025; Wu
et al., 2026; Liu et al., 2025; Yang et al., 2025a;
Wang et al., 2025; Shang et al., 2024). Leverag-
ing the inherent redundancy in visual tokens, a
variety of training-free methods have been pro-
posed. FastV (Chen et al., 2024b), the first to ex-
plore visual token compression in MLLMs, prunes
redundant tokens based on their average attention
scores. Other subsequent methods mainly have
two technical features: a) dividing the compres-
sion process into multiple stages (Xing et al., 2024;
Han et al., 2026; Liu et al., 2024a; Chen et al.,
2024a; Endo et al., 2025; Chen et al., 2025b) to
enable more precise identification of redundant to-
kens; b) seeking better metrics as the basis for
visual token compression (Han et al., 2026; Zhang
et al., 2025a; Xu et al., 2024; Zou et al., 2025a;
Wen et al., 2025a; Zheng et al., 2025). Specifi-
cally, VFlowOpt (Yang et al., 2025c) introduces
the importance map and a recycling mechanism to
achieve a progressive and effective token pruning.
Similarly, G-Prune (Jiang et al., 2025) identifies
critical tokens through a graph-based perspective,
while LUVC (Zheng et al., 2025) applies a spec-
trum pruning unit to LLM, gradually pruning redun-
dant visual tokens. In contrast, DART (Wen et al.,
2025a) instead prioritizes token duplication as a key
criterion, achieving surprisingly strong compres-
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Table 1: Comparison of Advanced Token Compression Methods and Downsampling on Qwen2-VL-7B. APRR
refers to the average performance retention ratio, which is the average value of the retention ratio compared to the
vanilla performance, across the eight benchmarks. The right side of each cell shows the relative change percentage
compared to the performance of the downsampling method.

Method |  GoA MMB MMBS™ MME POPE MMStar OCRBench ChartQA |  APRR
QOwen2-VL-7B (Wang et al., 2024) ‘ Upper Bound. All Tokens (100%)

Vanilla ‘ 62.3 78.9 78.0 2306 88.4 57.1 80.7 81.6 ‘ 100.0
Qwen2-VL-7B (Wang et al., 2024) ‘ Token Reduction (| 75.00%)

+ Downsample (Baseline) 59.2 75.0 73.8 2259 86.2 50.1 64.9 65.0 91.0

+ FastV (Chen et al., 2024b) 57.0 13.7% 73.7 11.7% 73.1 10.9% 2083 17.8% 84.5 12.0% 44.6 111.0% 42.0 4353% 58.1 110.6% 83.2 18.6%
+ VisionZip (Yang et al., 2025a) 58.6 11.0% 71.1 152% 70.5 14.5% 2062 18.7% 87.1 11.0% 47.2 158% 42.1 435.1% 66.9 12.9% 84.9 16.7%
+ PruMerge+ (Shang et al., 2024) 59.4 103% 72.1 13.9% 72.0 12.4% 2044 19.5% 87.2 11.2% 48.0 142% 33.9 147.8% 56.2 113.5% 82.7 19.1%
+ DART (Wen et al., 2025a) 56.9 13.9% 72.5 133% 70.2 14.9% 2066 18.5% 84.7 11.7% 47.2 15.8% 52.5 119.1% 52.7 118.9% 83.9 17.8%
Qwen2-VL-7B (Wang et al., 2024) ‘ Token Reduction (| 88.89%)

+ Downsample (Baseline) 55.5 69.0 70.2 2127 829 44.0 48.8 24.8 77.6

+ FastV (Chen et al., 2024b) 52.3 15.8% 65.0 15.8% 65.5 16.7% 1854 112.8% 77.4 16.6% 40.3 18.4% 25.9 146.9% 32.9 132.6% 70.2 19.5%
+ VisionZip (Yang et al., 2025a) 53.3 14.0% 62.9 18.8% 63.0 110.3% 1820 114.4% 83.6 10.8% 40.2 18.6% 25.1 148.6% 48.4 195.2% 72.5 16.6%
+ PruMerge+ (Shang et al., 2024) 54.8 113% 62.2 19.9% 61.3 L12.7% 1806 115.1% 84.3 11.7% 38.4 112.7% 22.2 (545% 44.2 1782% 71.0 48.5%
+ DART (Wen et al., 2025a) 51.9 16.5% 61.3 111.2% 61.8 112.0% 1915 110.0% 80.5 12.9% 39.8 19.5% 41.0 416.0% 30.8 124.2% 71.6 11.7%
Qwen2-VL-7B (Wang et al., 2024) ‘ Token Reduction (| 93.75%)

+ Downsample (Baseline) 52.6 66.4 66.8 1994 79.5 40.9 40.3 12.7 71.0

+ FastV (Chen et al., 2024b) 49.0 16.8% 57.1 114.0% 57.9 1133% 1684 115.5% 74.9 15.8% 37.5 183% 18.7 53.6% 20.6 162.2% 62.1 112.5%
+ VisionZip (Yang et al., 2025a) 49.0 16.8% 54.8 117.5%  54.0 1192% 1704 1145%  80.2 10.9% 352 1139% 159 @608  28.0 11205% | 62.2 1124%
+ PruMerge+ (Shang et al., 2024) 487 174%  48.40270%  48.11280% 1679 L158%  79.2 lo4% 332 Liss% 144 (GHB®  30.0 11362% | 59.5 L162%
+ DART (Wen et al., 2025a) 49.2 16.5% 53.4 119.6% 54.0 119.2% 1786 110.4% 78.1 11.8% 33.6 117.8% 33.7 1164% 19.2 151.2% 63.2 111.0%
Qwen2-VL-7B (Wang et al., 2024) ‘ Token Reduction ({. 96.00%)

+ Downsample (Baseline) 50.1 62.0 614 1938 78.8 37.5 323 11.7 66.4

+ FastV (Chen et al., 2024b) 46.1 18.0% 43.9 1292% 46.6 124.1% 1589 118.0% 72.4 18.1% 33.6 1104% 14.4 1554% 15.8 135.0% 54.5 117.9%
+ VisionZip (Yang et al., 2025a) 46.4 17.4% 49.51202%  50.0 L18.6% 1628 1160%  77.8 11.3% 334 1109% 120 638B  19.4 1658% 57.1 114.0%
+ PruMerge+ (Shang et al., 2024) | 45.0 L102%  39.1 1369% 409 1334% 1544 1203%  74.0 l61% 305 4187%  10.5 (6H8®  20.9 178.6% | 52.1 {215%
+ DART (Wen et al., 2025a) 45.6 19.0% 47.9 1229% 48.2 421.5% 1701 412.2% 74.7 152% 31.7 115.5% 29.3 193% 16.6 141.9% 58.3 L12.2%
Qwen2-VL-7B (Wang et al., 2024) ‘ Token Reduction (| 99.00%)

+ Downsample (Baseline) 43.5 51.6 51.9 1589 72.8 33.8 13.2 12.1 554

+ FastV (Chen et al., 2024b) 38.2 112.2% 23.9 U53.9% 24.5 152.8% 1189 425.2% 55.0 124.5% 26.1 122.8% 5.8 156.1% 11.9 11.7% 38.0 431.4%
+ VisionZip (Yang et al., 2025a) 41.9 13.7% 40.5 421.5%  40.5 1220% 1335 1160%  65.5 110.0% 30.8 18.9% 4.9 (5395% 12.8 15.9% 47.3 114.6%
+ PruMerge+ (Shang et al., 2024) | 39.0 L103%  23.7 (580% 244 @530% 1165 4267%  51.6 1291%  25.7 124.0% 3.5 (5D 13.9 t149% | 37.4 1325%
+ DART (Wen et al., 2025a) 40.5 16.9% 30.8 140.3% 30.7 $40.8% 1346 1153% 60.0 117.6% 28.8 114.8% 23.2 175.8% 11.8 42.5% 45.4 118.1%

sion performance. Beyond these, GreedyPrune (Pei
et al., 2025) and ToDRE (Li et al., 2025) cast to-
ken compression as an optimization problem and
employ greedy algorithms to search for efficient
pruning strategies.

However, as in Section 3, we have a surpris-
ing observation: across most MLLM benchmarks,
these sophisticated visual token compression meth-
ods underperform compared to simply reducing
the original image resolution, which motivates a
deeper investigation into the underlying causes.

2.2 MLLM Benchmarks

Existing MLLM benchmarks primarily focus on
areas such as perception and reasoning (Li et al.,
2024b; Song et al., 2025). For example, MME (Yin
et al., 2024), MMBench (Liu et al., 2024b), and
MM-Vet (Yu et al., 2023, 2024) provide broad
perception-focused evaluations of MLLMs’ visual
understanding. In parallel, domain benchmarks
target specific applications such as autonomous
driving (Sima et al., 2024; Qian et al., 2024) and
remote sensing (Muhtar et al., 2024). For visual
token compression in MLLMs, only one bench-

mark currently exists: EffiVLM (Wang et al., 2025).
It offers a unified framework for benchmarking
training-free acceleration methods but relies on
existing datasets (e.g., DocVQA (Mathew et al.,
2021), ChartQA (Masry et al., 2022)) rather than
data tailored to token compression. Building on
data-driven insights into compression behavior, we
introduce VTC-Bench, the first dedicated, challeng-
ing evaluation framework as an additional tool for
evaluating visual token compression in MLLMs.
We aim for VTC-Bench to catalyze new research
and insights, enabling fair comparisons and sharper
evaluations of token-compression methods.

3 Experiments & Findings

3.1 Motivation

Some recent MLLMs, such as Qwen2-VL (Wang
etal., 2024) and Qwen2.5-VL (Bai et al., 2025), na-
tively support inputs of varying resolutions. A triv-
ial yet efficient method to handle high-resolution
images is to simply downsample them to a lower
resolution, effectively using naive pixel sampling
as a form of compression. However, as shown in
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Section 2.1, most token compression methods for
MLLMs choose to adaptively drop useless tokens
or merge similar tokens instead of directly down-
sampling the original image, which should be more
intelligent and reasonable methods. While in re-
cent works (Yang et al., 2025b), it is surprising that
image downsampling exceeds other sophisticated
methods under some settings. VisionThink (Yang
et al., 2025a) considers this finding as a motivation
to design more efficient MLLMs. Different from
VisionThink (Yang et al., 2025a), we would like
to further investigate the causes of this anomalous
phenomenon, thus deciding to comprehensively
compare the results of the downsampling methods
with other methods under various settings.

3.2 [Experiments Setup

Before conducting experiments, it is crucial to
choose a suitable MLLM for achieving the down-
sampling method. Most MLLMs only support
fixed-resolution inputs, which makes it impossi-
ble to achieve the downsampling method. In other
words, for such MLLMs, no matter which resolu-
tion the original image is downsampled to, the im-
age will finally be resized to a fixed resolution, mak-
ing the downsampling meaningless. Considering
that Qwen2-VL (Wang et al., 2024) and Qwen2.5-
VL (Bai et al., 2025), based on the naive dynamic
resolution mechanism and M-RoPE techniques,
are the open-source MLLMs closest to realizing
the concept of allowing arbitrary resolution inputs,
we choose Qwen2-VL3 in our comparison experi-
ments, which supports the downsampling method
the best. In order to ensure that downsampling
occurs at the original resolution as much as possi-
ble without adding extra resizing operations, we set
Qwen2-VL’s max pixels and min pixels to 2408448
and 3136. In this case, only a few extremely high-
resolution images are resized before downsampling
to ensure sufficient GPU memory.

To guarantee comprehensive experiments, we
select four typical token compression methods:
FastV (Chen et al., 2024b), VisionZip (Yang et al.,
2025a), PruMerge+ (Shang et al., 2024), and
DART (Wen et al., 2025a), with the token com-
pression ratio set to: 75.00%, 88.89%, 93.75%,
96.00%, and 99.00%. For the token compression ra-

3When conducting this experiment, on one hand, there
is no repository that systematically implements visual token
compression method based on Qwen2.5-VL; on the other hand,
there are few open-source visual token compression methods
adapted for Qwen2.5-VL. Therefore, we use Qwen2-VL as
the main experimental model.

tio C, the downsampling method applies an equiv-
alent downsampling ratio D for fairness. The rule
is shown in Eq. 1. Moreover, we choose eight
popular benchmarks, including six general bench-
marks (GQA (Hudson and Manning, 2019), MM-
Bench_EN (Liu et al., 2024b), MMBench_CN (Liu
et al., 2024b), MME (Yin et al., 2024), POPE (Li
et al., 2023), and MMStar (Chen et al., 2024¢)) and
two resolution-sensitive OCR benchmarks (OCR-
Bench (Liu et al., 2024c¢), and ChartQA (Masry
et al., 2022)).

1
o3 X 100% =1-C (1)

3.3 Results Analysis

Comparison between different methods: Across
diverse compression ratios and general-purpose
benchmarks, simple image downsampling consis-
tently outperforms sophisticated token compres-
sion methods. For instance, at 93.75% compres-
sion, downsampling achieves 66.4% on MMBench,
outperforming the best advanced method, DART,
by a 24.3% relative improvement. Meanwhile,
with a constraint of 70% of vanilla performance,
downsampling can achieve a compression ratio of
93.75%, while other methods can only meet this
condition at a compression ratio of 88.89%. The
results verify a basic phenomenon in the field of
visual token compression: a substantial portion
of samples in general-purpose benchmarks can
be correctly answered using only low-resolution
global information, without requiring the fine-
grained visual details that advanced methods
strive to preserve.

Comparison between different compression
ratios: As compression becomes increasingly ag-
gressive (96.00% and 99.00%), all sophisticated to-
ken compression methods experience performance
degradation, while image downsampling demon-
strates remarkably graceful degradation. At 99.00%
compression, downsampling maintains a score of
51.6% on MMBench, while FastV and PruMerge+
decrease to approximately 24%. The results fur-
ther verify the phenomenon above: in the existing
general-purpose benchmarks, image downsam-
pling can fully meet the acceleration requirements
Jfor most samples.

Comparison between different tasks: On tasks
requiring fine-grained visual understanding, partic-
ularly chart comprehension, we observe a reversal
of the phenomenon mentioned above. At moder-
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Table 2: Comparison of advanced token compression methods on Qwen2-VL-7B. Values are formatted as: Group
A (Group B) with difference A below. A refers to the absolute gap between groups.

Method | Goa MMB  MMBCYN  MME POPE  MMStar OCRBench ChartQA | Average
Group A (Group B) ‘ Token Reduction (| 75.00%)

+ Downsample ‘ 0.0 100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) ‘ 0.0 (100.0)
+ FastV (Chen et al., 2024b) 57.8 87.6) 45.2(959) 56.5958) 789 96.7) 65.4 948 41.0(7600 29.1(572) 35.0 (78.1) | 51.1 (85.3)
as enetal, A29.8 A50.7 A39.3 Al17.8 A29.4 A35.0 A28.1 A43.1 A342
+ VisionZip (Yang et al., 20252) 59.3 912) 42.4 (938 42.2(93.6) 54.9953) 725968 459 @ 14 29.6(58.1) 51.2(87.3) | 49.8 87.2)

sionzip (ang et al., 2 A319 A51.4 A51.4 A40.4 A24.3 A35.5 A28.5 A36.1 A37.4
57.7 919 51.2(95.1) 52.6 946) 62.0 (959 72.1975 48.1 @823 21.2@462) 40.5(73.6) | 50.7 (84.6)

+ PruMerge+ (Shang et al., 2024) ‘ A34.2 A43.9 A42.0 A339 A25.4 A342 A25.0 A33.1 A339
58.9 88.1) 54.8 (949) 52.2.(946) 67.6 (949 69.4 (945 47.0(77.7) 40.2(702)  39.0 (69.0) | 53.6 (85.5)

+ DART (Wen et al., 20252) ‘ A292 A40.1 Ad24 A273 A25.1 A30.7 A30.0 A30.0 A319

Group A (Group B) ‘ Token Reduction (| 88.89%)

+ Downsample ‘ 0.0 (10000 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (10000 0.0 (100.0) 0.0 (100.0) ‘ 0.0 (100.0)
. . 44.5 82.5) 39.2 (903) 44.1 908) 59.4 94.0) 46.8 88.7) 31.0 (73.0) 17.8 41.3)  28.4 61.7) | 38.9 (77.8)

+ FastV (Chen et al., 2024b) ‘ A38.0 AS51.1 A46.7 A34.6 A41.9 A42.0 A235 A333 A38.9
- . g ) ) 49.4 83.4) 33.2(89.0) 44.488.1) 48.1 (922) 70.0 92.3) 30.3 (73.00 22.0 36.4) 49.7 (74.4) | 43.4 (78.6)

+ VisionZip (Yang et al., 20252) ‘ A34.0 A55.8 A43.7 Ad4.1 A223 A7 Al44 A24.7 A352
) ) 50.4 858) 36.9 87.2) 38.4 86.4) 42.9 (9190 71.5942) 28.8(71.6) 18.1 33.00 43.5(73.8) | 41.3 (78.0)

+ PruMerge+ (Shang et al., 2024) ‘ A35.4 A30.3 A48.0 A49.0 A227 A28 A149 A303 A36.7
) ) 475812 40.53877) 40.9 869 49.6 91.7) 57.7 90.9) 35.470.0) 31.51632) 27.3(7.6) | 41.3 (78.6)

+DART (Wen et al., 20252) ‘ A33.7 A472 A46.0 A42.1 A332 A34.6 A31.7 A303 A373

Group A (Group B) \ Token Reduction (|, 93.75%)

+ Downsample ‘ 0.0 (100.00 0.0 100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) ‘ 0.0 (100.0)
35.7 814 3193857 35.3@©866) 48.8915 37.4@681) 22.8@745 13.3330 14.8 (74.8) | 30.0 (77.0)

+ FastV (Chen et al., 2024b) ‘ A45.7 A53.8 A51.3 A7 A50.7 A51.7 A19.7 A60.0 A47.0
.. . 41.0 (7900 34.581.9 33.3822) 43.5(884) 663 894) 243698 14.0 252 26.1 (71.3) | 35.4 (73.4)

+ VisionZip (Yang et al., 20252) ‘ A38.0 A47.4 A48.9 A44.9 A23.1 A45.5 Al12 A452 A38.0
43.0 76.7)  29.6 (76.9) 34.1 76.1) 43.0 87.8) 67.7 87.6) 25.5(655) 12.6 21.8) 29.4 (68.9) | 35.6 (70.2)

+ PruMerge+ (Shang et al., 2024) ‘ A33.7 A473 A42.0 A44.8 A19.9 A40.0 A9.2 A39.5 A34.6
41.9 (788) 33.881.8) 38.4(80.4) 46.9 889) 57.0 (885 26.2(61.8) 25.6(574) 14.567.1) | 35.5 (75.6)

+ DART (Wen et al., 20252) ‘ A369 A48.0 A42.0 A42.0 A315 A35.6 A31.8 A52.6 A40.1

ate compression ratios (93.75% and 88.89%), Vi-
sionZip and FastV outperform image downsam-
pling on ChartQA by significant margins. This di-
vergence is highly informative: while image down-
sampling uniformly preserves global information
at the expense of local details, the sophisticated
compression methods can selectively retain text re-
gions and numeric values that are critical for chart
understanding, which can be considered difficult
to compress. Thus, a deeper observation of the
above phenomenon can be concluded:the sophis-
ticated token compression methods demonstrate
the expected effectiveness in tasks that require
fine-grained visual understanding.

The comparisons across methods, compression
ratios, and tasks provide compelling evidence that
current benchmarks contain a substantial simplic-
ity bias. The performance advantage of image
downsampling emerges not from its sophistication
but from its ability to adequately address samples

that don’t require fine-grained visual understanding,
precisely the samples that dominate current bench-
marks. Thus, based on the experimental results
and the comparisons, we propose a well-founded
hypothesis in Section 3.4.

3.4 Hypothesis

In the field of visual token compression, there is a
general reliance on existing benchmarks, without
ever considering whether these data are suitable for
the visual token compression task. Based on the
above experimental results in Table 1, we propose a
bold hypothesis: Some data in the existing bench-
marks is overly simplistic and irrelevant to evalu-
ating visual token compression methods, leading
to the unreasonable phenomenon that even the
downsampling method is sufficient to deal with
the visual token compression task.

To validate this hypothesis, we design a data-
centric analysis using downsampling as a discrimi-
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Visual Token Compression (VTC)-Bench
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Figure 2: The VTC-Bench is a simple but effective framework that can transform any existing benchmarks to a
subset that can fairly evaluate VTC (Visual Token Compression) methods. The samples that are answered correctly
by the original Qwen2-VL model without downsampling form the input samples. More details in Section 4.1.

nator. We first drop out the samples answered incor-
rectly at the original resolution, which we consider
are too hard for the original models to understand,
not to mention the compressed models. Then, for a
given compression ratio, we classify each sample
in a benchmark into one of two groups based on
the performance of the downsampling method: @
Difficult Samples (Group A): Samples that are an-
swered incorrectly by the downsampling method.
@ Simple Samples (Group B): Samples that are
answered correctly by the downsampling method.
We then evaluate all compression methods on these
two groups separately to assess whether the so-
phisticated methods demonstrate their expected su-
periority on the “difficult” samples where image
downsampling fails. Results from Table 2 strongly
confirm our hypothesis, followed by two key con-
clusions as follows.

@ Significant performance gap between
groups: Across all benchmarks and compression
methods, the accuracy on “simple” samples (Group
B) is dramatically higher than on “difficult” sam-
ples (Group A). For instance, on GQA at 75% com-
pression, the accuracy of all methods on simple
samples is above 87.6%, while on difficult samples,
it drops to a maximum of 59.3% (VisionZip). This
stark contrast is common in Table 2, demonstrating
that the two groups represent essentially different
levels of visual comprehension difficulty. The exis-
tence of this gap validates our core hypothesis that

»

the benchmark comprises a mixture of “simple
and “difficult” samples. In other words, the cur-
rent benchmarks are noisy for evaluating the vi-
sual token compression methods, where the noise
refers to the task-irrelevant samples. Moreover,
the significant gap also proves that downsampling
can serve as a clever filter to distinguish between
“simple” and “difficult’ samples, which can be the
key to denoise the current benchmarks.

@ Ideal reference points brought by down-
sampling: The 0%/100% dichotomy created by im-
age downsampling provides ideal reference points
for evaluation. In Group B, where downsampling
achieves 100% accuracy, advanced methods show
comparable but not superior performance (e.g.,
87.6-91.9% on GQA at 75% compression), con-
firming that their sophisticated approaches offer
no advantage for simple samples. In Group A,
where downsampling fails completely (0% accu-
racy), advanced methods demonstrate their true
value by significantly exceeding this baseline. For
instance, DART achieves 40.2% on OCRBench and
VisionZip reaches 51.2% on ChartQA at 75% com-
pression, proving their ability to preserve crucial
details that downsampling loses.

3.5 Summary

In this section, we conduct two comprehensive
experiments to further understand the anomalous
phenomenon: image downsampling exceeds other
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Table 3: VTC-Bench results on Qwen2-VL-7B. Take Qwen2-VL-7B as the data filter model.

Method | GoA MMB MMB®Y MME POPE MMStar OCRBench  ChartQA | Average
Qwen2-VL-7B (Wang et al., 2024) | Token Reduction (1. 75.00%)

+ Downsample (Baseline) 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
+ FastV (Chen et al., 2024b) 57.8 452 56.5 78.9 65.4 41.0 29.1 35.0 51.1
+ VisionZip (Yang et al., 2025a) 59.3 424 422 54.9 72.5 459 29.6 51.2 49.8
+ PruMerge+ (Shang et al., 2024) 57.7 51.2 52.6 62.0 72.1 48.1 21.2 40.5 50.7
+ DART (Wen et al., 2025a) 58.9 54.8 522 67.6 69.4 47.0 40.2 39.0 53.6
QOwen2-VL-7B (Wang et al., 2024) | Token Reduction (] 88.89%)

+ Downsample (Baseline) 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
+ FastV (Chen et al., 2024b) 44.5 39.2 44.1 59.4 46.8 31.0 17.8 28.4 38.9
+ VisionZip (Yang et al., 2025a) 494 332 444 48.1 70.0 30.3 220 49.7 434
+ PruMerge+ (Shang et al., 2024) 50.4 36.9 38.4 429 71.5 28.8 18.1 43.5 413
+ DART (Wen et al., 2025a) 475 40.5 40.9 49.6 57.7 354 31.5 27.3 1.3
QOwen2-VL-7B (Wang et al., 2024) | Token Reduction (| 93.75%)

+ Downsample (Baseline) 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
+ FastV (Chen et al., 2024b) 35.7 31.9 353 48.8 37.4 22.8 13.3 14.8 30.0
+ VisionZip (Yang et al., 2025a) 41.0 34.5 333 435 66.3 24.3 14.0 26.1 35.4
+ PruMerge+ (Shang et al., 2024) 43.0 29.6 34.1 43.0 67.7 25.5 12.6 294 35.6
+ DART (Wen et al., 2025a) 41.9 33.8 384 46.9 57.0 26.2 25.6 14.5 35.5
Qwen2-VL-7B (Wang et al., 2024) | Token Reduction (| 96.00%)

+ Downsample (Baseline) 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
+ FastV (Chen et al., 2024b) 29.6 24.7 33.1 35.6 35.6 21.5 11.0 9.3 25.0
+ VisionZip (Yang et al., 2025a) 38.6 31.2 32.6 37.9 60.0 24.5 11.0 15.1 31.4
+ PruMerge+ (Shang et al., 2024) 38.8 26.0 29.3 37.0 56.4 22.6 9.2 17.0 29.5
+ DART (Wen et al., 2025a) 36.4 337 36.4 37.9 532 22.3 24.7 10.5 31.9
Owen2-VL-7B (Wang et al., 2024) | Token Reduction (| 99.00%)

+ Downsample (Baseline) 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
+ FastV (Chen et al., 2024b) 18.3 18.3 21.5 21.5 443 15.0 4.2 3.8 18.4
+ VisionZip (Yang et al., 2025a) 234 28.8 32.2 28.5 53.6 194 3.7 5.5 24.4
+ PruMerge+ (Shang et al., 2024) 20.7 17.8 21.1 22.9 52.6 17.1 2.5 7.1 20.2
+ DART (Wen et al., 2025a) 24.5 26.5 28.1 30.6 41.5 19.2 25.6 4.2 25.0

Table 4: VTC-Bench results on LLaVA-OV-7B. Take
Qwen2-VL-7B as the data filter model.

Method | GgA MMB MMBCYN POPE MMStar

LLaVA-OV-7B (Li et al., 2024a) | Token Reduction ({ 75.00%)

+ FastV (Chen et al., 2024b) 543 705 69.1 63.8 48.6
+ VisionZip (Yang et al., 2025a) 590 677 71.3 80.8 448
+ PruMerge+ (Shang et al., 2024) | 60.4  74.2 73.5 75.6 48.6
LLaVA-OV-7B (Li et al., 2024a) | Token Reduction (| 88.89%)

+ FastV (Chen et al., 2024b) 453 64.6 66.4 39.1 42.4
+ VisionZip (Yang et al., 2025a) 56.6 719 71.2 69.6 435
+ PruMerge+ (Shang et al., 2024) | 57.4  68.8 71.5 76.0 458
LLaVA-OV-7B (Li et al., 2024a) | Token Reduction (] 93.75%)

+ FastV (Chen et al., 2024b) 367 512 533 29.7 32.6
+ VisionZip (Yang et al., 2025a) 49.1 643 62.4 53.6 36.6
+ PruMerge+ (Shang et al., 2024) | 50.2  66.6 65.3 59.9 34.8
LLaVA-OV-7B (Li et al., 2024a) | Token Reduction (| 96.00%)

+ FastV (Chen et al., 2024b) 314 374 43.1 24.5 28.6
+ VisionZip (Yang et al., 2025a) 426 554 56.9 454 30.8
+ PruMerge+ (Shang et al., 2024) | 42.7 57.8 59.6 49.9 31.3
LLaVA-OV-7B (Li et al., 2024a) | Token Reduction (. 99.00%)

+ FastV (Chen et al., 2024b) 257 258 29.6 39.3 21.9
+ VisionZip (Yang et al., 2025a) 283 281 328 42.1 5
+ PruMerge+ (Shang et al., 2024) | 253 255 28.5 404 252

sophisticated methods under some settings. The
first experiment validates the universality of this
anomalous phenomenon and introduces our basic
hypothesis: Some data in the existing benchmarks
is overly simplistic, leading to the unreasonable
phenomenon that even the simplest downsampling
method is sufficient to deal with the visual token
compression task. Furthermore, the second experi-
ment further validates this hypothesis and proves
that the current benchmarks are noisy for evaluat-

ing the visual token compression methods. More-
over, the second experiment simultaneously demon-
strates that downsampling can serve as a clever
filter to distinguish between “simple” and “diffi-
cult” samples, which can be the key to denoise the
current benchmarks.

4 Evaluation Framework

4.1 Framework Construction

To address the simplicity bias and denoise existing
benchmarks for the visual token compression task,
we propose the VTC-Bench (Visual Token Com-
pression Benchmark) framework, a novel frame-
work specifically designed for the fair and effective
evaluation of visual token compression methods.
The construction is based on the key insight, vali-
dated in Section 3.4, that “downsampling can serve
as a clever filter to distinguish between ‘simple’
and ‘difficult’ samples”. We leverage this idea
to construct a challenging benchmark comprising
predominantly “difficult” samples that require fine-
grained visual understanding. This process, sum-
marized in Figure 2, does not create new data but
rather applies a rigorous filtering mechanism to
existing benchmarks to identify a challenging eval-
uation and noise-free set. The pipeline consists
of three critical steps executed for each candidate
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sample and dynamically adapts to different com-
pression ratios:

Step 1: Inference & Compression: Given a sam-
ple and a target token compression ratio, we run
two inference pipelines: @ a downsampling base-
line (the filter) including one model that applies the
equivalent ratio from Eq. 1 for a fair comparison
and another original model without downsampling,
implemented with Qwen2-VL which has a similar
number of parameter with the target MLLM; and @
advanced visual token compression methods (e.g.,
FastV, VisionZip, DART) evaluated directly on the
target MLLM. This step both establishes a fair basis
for assessing compression approaches and provides
signals for subsequent sample filtering.

Step 2: Grouping: We first drop out the sam-
ples that are incorrectly answered by the origi-
nal Qwen2-VL. Then, we use the performance of
the downsampling method as a binary discrimi-
nator to categorize the sample into two groups:
® Group A: Samples considered as “difficult”,
which are incorrectly answered by the downsam-
pling method. @ Group B: Samples considered
as “simple”, which are correctly answered by the
downsampling method. This step effectively tags
each sample with the labels of “simple” or “diffi-
cult”, filtering the existing benchmarks and remov-
ing noisy data that is not applicable for evaluating
the visual token compression methods.

Step 3: Result Aggregation: Based on the clas-
sification in Step 2 and the inference results of
visual token compression methods in Step 1, we
perform a statistical analysis on the accuracy of the
“difficult” samples in the methods to be evaluated.
Thus, an indicator that can truly reflect the visual
compression methods fairly can be obtained.

In summary, we develop VTC-Bench, a simple
but effective framework for evaluating visual token
compression methods. The building pipeline of
VTC-Bench is shown in Figure 2. Importantly, the
VTC-Bench framework can be applied easily to any
existing benchmark, transforming it into a more ef-
fective benchmark for evaluating visual token com-
pression methods. Meanwhile, the VTC-Bench
framework dynamically and reasonably provides a
corresponding benchmark subset for each compres-
sion ratio, while offering explainable theoretical
upper and lower bounds for the final metrics.

4.2 Evaluation Results & Discussions

We conduct extensive experiments across multi-
ple mainstream MLLMs and benchmarks based
on VTC-Bench. We select Qwen2-VL-7B (Wang
etal., 2024) and LLaVA-OV-7B (Li et al., 2024a) as
the base MLLMs and evaluate various visual token
compression methods (including FastV, VisionZip,
PruMerge+, DART) on a subset of “difficult” sam-
ples filtered by VTC-Bench. The experimental
results are shown in Table 3 and 4, followed by
several analysis:

Is downsampling all you need? Across many
benchmarks, simple image downsampling often
beats more advanced compression methods, sug-
gesting that sophisticated approaches are unneces-
sary. VTC-Bench overturns this impression: when
we restrict evaluation to the compression-relevant
“difficult” samples (Group A), the trend reverses.
The apparent superiority of downsampling largely
stems from original benchmarks being saturated
with easy cases that do not require fine-grained
cues. By filtering out such samples, VTC-Bench
reveals that for truly challenging instances that test
visual understanding, advanced compression meth-
ods are not only effective but necessary.

What makes an effective benchmark? Sim-
ple cross-benchmark comparisons (e.g., “Bench-
mark A outperforms Benchmark B”’) only imply
that one is harder, without revealing which skills
drive the difficulty or whether it is relevant to vi-
sual token compression. VTC-Bench addresses
this by filtering out samples that do not inform
compression performance, yielding an analysis
set that is explicitly sensitive to token compres-
sion. This suggests a design principle for future
work: effective benchmarks for visual token com-
pression should deliberately increase the share of
compression-relevant hard cases.

Further expand the accuracy gap: VTC-Bench
amplifies and clarifies method differences. At 75%
compression on ChartQA, the VisionZip—FastV
gap widens from 8.8% to 16.2%; at 96% compres-
sion on GQA, it grows from 0.3% to 9.0%. These
phenomenon effectively indicates that VTC-Bench
indeed eliminates data noise unrelated to the vi-
sual token compression task, thereby promoting
the fairness and effectiveness of the benchmark in
the visual token compression task.
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5 Conclusion

This paper systematically analyzes the task mis-
match problem presented in current MLLM bench-
marks when evaluating visual token compression
methods. Based on a surprising and counterintu-
itive finding: simple image downsampling consis-
tently outperforms many advanced compression
methods across multiple widely used benchmarks,
we conduct a comprehensive empirical study across
several advanced visual token compression meth-
ods. Thus, two crucial findings are concluded based
on the empirical study: @ Current benchmarks are
noisy for the visual token compression task. @
Downsampling can serve as a data filter to evalu-
ate the difficulty of samples upon the visual token
compression task. Furthermore, we propose VTC-
Bench, a new evaluation framework specifically
designed to optimize and denoise current existing
benchmarks by explicitly distinguishing between
“simple” and “difficult” samples through downsam-
pling. Through this work, we hope to not only ad-
vance the field of visual token compression but also
inspire more discussions within the community on
“how to properly evaluate efficient MLLMs.”

6 Limitations

Dependence on a single base model: The con-
struction of the sample filtering mechanism is en-
tirely dependent on Qwen2-VL. While chosen for
its technical necessity, this reliance limits gener-
alizability, as different models may define “diffi-
cult” samples slightly differently. In the future, this
framework will be extended to more base models
that have great dynamic resolution support.

Single criterion for filtering: We use only down-
sampling as the criterion for identifying “difficult”
samples. Although effective, employing a more
diverse set of baseline methods for ensemble filter-
ing could yield a more robust definition. We will
explore a more robust filtering mechanism for the
subsequent version of VTC-Bench in future work.
Lack of a formal theoretical definition: Our iden-
tification of “difficult” and ‘simple” samples is
primarily based on the experiment results in Ta-
ble 1 and 2. A formal theoretical framework and
mathematical proof for a more explainable sample
filtering mechanism is yet to be established.

Limited coverage of methods: Due to the rapidly
evolving field and adaptation constraints, our ex-
perimental comparison doesn’t include all visual
token compression methods. However, the selected

methods are sufficient to support our core claims,
and the framework remains open and extensible.
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A Experiment Details

In this paper, all the experiments are conducted
based on one A800 GPU. For the downsampling
method and DART, we apply the official code of
DART (Wen et al., 2025a). As to the downsampling
method, we resize the image before it enters the
MLLM. As to DART, we control the compression
ratio through the parameter "Reduction_Ratio".
For VisionZip, PruMerge+, and FastV, we apply the
EffiVLM-Bench (Wang et al., 2025), which offers
a unified toolkit to evaluate efficient MLLM. As to
these three methods, we control the compression
ratio through the parameter "Budget". Consider-
ing this paper focuses on the evaluation, it is not
related to hyperparameter search. All results come
from a single run. The code environment includes
Python=3.10, torch=2.6.0, torchvision=0.21.0, and
torchaudio=2.6.0. Bicubic interpolation is used to
achieve downsampling. We will release all the re-
sults, including the output results of each sample
and the accuracy results of each benchmark.

B Benchmark Details

GQA: GQA (Hudson and Manning, 2019) is a
large-scale benchmark for visual reasoning and
compositional question answering. Based on a
strict distribution control, GQA offers 22M valu-
able reasoning questions.

MMBench: MMBench (Liu et al., 2024b) is a
comprehensive benchmark designed to evaluate the
capabilities of MLLMs. It includes 3217 multiple-
choice questions spanning 20 fine-grained dimen-
sions, supporting several languages such as Chi-
nese and English.

MME: MME (Yin et al., 2024) provides a sys-
tematic framework for evaluating the perceptual
and cognitive abilities of MLLMs. It encompasses
14 subtasks across the domains of visual perception,
text understanding, reasoning, and cross-modal
alignment.

POPE: POPE (Lietal., 2023) is a benchmark de-
signed to evaluate object hallucination in MLLMs.
The pipeline of POPE measures hallucination under
random, popular, and adversarial sampling strate-
gies.

MMStar: MMStar (Chen et al., 2024c¢) is a
vision-dependent benchmark for evaluating the
reasoning and perception abilities. It has 1500
samples, covering six core abilities with 18 sub-
dimensions.

OCRBench: OCRBench (Liu et al., 2024c¢)

is a comprehensive benchmark for evaluating the
OCR capabilities of multimodal large models. The
benchmark includes 1000 manually verified sam-
ples from 29 datasets.

ChartQA: ChartQA (Masry et al., 2022) eval-
uates visual and logical reasoning over real-world
charts. It includes 9.6k human-written and 23.1k
automatically generated questions across different
kinds of charts.

C Complete VTC-Bench Results

Due to the page limitation, we are unable to of-
fer complete results in the experiment sections.
Thus, we provide the evaluation results by group of
Qwen2-VL-7B and LLaVA-OV-7B on eight bench-
marks here, as shown in Table 5 and 6.

D Concurrent Similar Research

D.1 VisionThink

VisionThink (Yang et al., 2025b) identifies a key
observation: downsampling showns suprising ef-
fectiveness on most general VQA tasks except for
OCR and detail-sensitive benchmarks. Leveraging
this finding, VisionThink is proposed as a novel
paradigm that builds an effective and smart LVLM.
Instead of applying a fixed compression rate, Vi-
sionThink starts inference with a low-resolution
image and employs a reinforcement learning frame-
work to enable the model itself to dynamically de-
cide whether the visual information is sufficient or
if a high-resolution original image is needed. This
approach effectively utilizes the observation by op-
timizing for efficiency on simple samples while pre-
serving necessary detail for complex, OCR-heavy
tasks.

Different from VisionThink’s perspective, we
further investigate this observation in comprehen-
sive settings and analyze it through the benchmark
perspective. Through extensive experimental re-
sults in Table 1 and 2, firstly, the task mismatch
between current benchmarks and the visual token
compression task is clarified. Secondly, the po-
tential of downsampling as a data filter is proven,
motivating the subsequent design of VTC-Bench.

D.2 EffiVLM-Bench

EffiVLM-Bench (Wang et al., 2025) is a compre-
hensive evaluation framework for systematically
assessing training-free acceleration techniques in
LVLMs, including KV cache compression and to-
ken prune methods. Thanks to the open-source of
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Table 5: Comparison of advanced token compression methods on Qwen2-VL-7B across five reduction ratios. Values
are formatted as: Group A (Group B) with difference A below. A refers to the absolute gap between groups.

Method | Goa MMB  MMB®Y MME  POPE MMStar OCRBench ChartQA | Average

Token Reduction (| 75.00%)

+ Downsample ‘ 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) ‘ 0.0 (100.0)
57.8 87.6) 45.2(95.9) 56.595.8) 78.9 (96.7) 65.4 94.8) 41.0 (76.00 29.1(57.2) 35.0 (78.1) | 51.1 (85.3)
+ FastV (Chen et al., 2024b) A29.8 A50.7 A39.3 Al17.8 A29.4 A35.0 A28.1 A43.1 A34.2
. ; . 59.3 91.2) 42.4 (93.8) 42.2 (93.6) 54.9 953) 72.5968) 459 81.4) 29.6 (58.1) 51.2 (87.3) | 49.8 (87.2)
+ VisionZip (Yang et al., 2025a) A31.9 A51.4 A51.4 A40.4 A24.3 A35.5 A28.5 A36.1 A37.4
57.7 91.9) 51.2 (95.1) 52. ! 2. 9) 721 (975 48.1 (82. 21.2 (4. 40.5 (73.6) | 50.7 (84.
+ PruMerge+ (Shang et al., 2024) 91.9) (95.1) 6 (94.6) 62.0 (95.9) 97.5) 48.1 (82.3) (46.2) (73.6) | 50.7 (84.6)
A34.2 A439 A42.0 A33.9 A25.4 A34.2 A25.0 A33.1 A339
+ DART (Wen et al., 2025a) 58.9 88.1) 54.8 94.9) 52.2 (94.6) 67.6 (94.9) 69.4 94.5) 47.0 77.7) 40.2 (702)  39.0 (69.0) | 53.6 (85.5)
A29.2 A40.1 A42.4 A273 A25.1 A30.7 A30.0 A30.0 A319

Token Reduction (| 88.89%)

+ Downsample 0.0 100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) | 0.0 (100.0)

44.5 82.5) 39.2 90.3) 44.1 90.8) 59.4 94.0) 46.8 88.7) 31.0 (73.00 17.8 413) 28.4 (61.7) | 38.9 (77.8)
+ FastV (Chen et al., 2024b) A38.0 A51.1 A46.7 A34.6 A41.9 A42.0 A235 A333 A38.9
49.4 (83. .2 (89.0) 44.4 (88.1) 48.1(922) 70.0 (92. 0. X 22.0 (36. 49.7 (74.4) | 43.4 (78.

+ VisionZip (Yang et al., 2025a) (83.4) 33.2(89.0) (88.1) (92.2) 92.3) 30.3 (73.0) (36.4) (74.4) | 43.4 (78.6)
A34.0 A55.8 A43.7 Ad4.1 A223 A427 Ald4 A24.7 A35.2

+ PruMerge+ (Shang et al., 2024) 50.4 85.8) 36.9 87.2) 38.4 86.4) 42.9 91.9) 71.5(942) 28.8 (71.6) 18.1(33.0) 43.5(73.8) | 41.3 (78.0)
A35.4 A503 A48.0 A49.0 A227 A428 A149 A303 A36.7

+ DART (Wen et al., 2025a) 47.5 81.2) 40.5 87.7) 40.9 869 49.6 91.7) 57.7 90.9) 35.4 (70.00 31.5(632) 27.3(7.6) | 41.3(78.6)
A33.7 A47.2 A46.0 A42.1 A33.2 A34.6 A31.7 A303 A37.3

Token Reduction (| 93.75%)

+ Downsample ‘ 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) | 0.0 (100.0)
35.7 81.4) 31.985.7) 35.3 86.6) 48.8 91.5) 37.4(88.1) 22.8 (745 13.333.00 14.8 (74.8) | 30.0 (77.0)
+ FastV (Chen et al., 2024b) A45.7 A53.8 A51.3 A427 A50.7 A51.7 A19.7 A60.0 A47.0
.. . 41.0 (79.00 34.581.9) 33.3(822) 43.5884) 66.3 (89.4) 24.3(69.8) 14.0 252) 26.1(71.3) | 35.4 (73.4)
+ VisionZip (Yang et al., 2025a) A38.0 A47.4 A48.9 A44.9 A23.1 A455 All2 A452 A38.0
43.0 (76.7)  29.6 (76.9) 34.1 (76.1) 43.0 (87.8) 67.7 87.6) 25.5655 12.6 21.8) 29.4 (68.9) | 35.6 (70.2)
+ PruMerge+ (Shang et al., 2024) A33.7 A47.3 A42.0 A44.8 A19.9 A40.0 A9.2 A39.5 A34.6
41. . . . .4 (80.4) 46. X 7. 5) 26.2 (61. 25. . 14. . . .
+ DART (Wen et al., 2025a) 9 (78.8) 33.8 (81.8) 38.4 (80.4) 46.9 (88.9) 57.0(88.5) 26.2 (61.8) 25.6 (57.4) 5 (67.1) | 35.5 (75.6)
A36.9 A48.0 A42.0 A42.0 A315 A35.6 A31.8 A52.6 A40.1

Token Reduction (| 96.00%)

+ Downsample ‘ 0.0 (100.00 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) | 0.0 (100.0)
29. 2) 24,7 (745 .1 (74. X . X 8) 21. . 11. . .3 (75.3) | 25. .

+ FastV (Chen et al., 2024b) 9.6 79.2) 45) 331044 356001 35658 215686 110075 930753 [25.0 719
A49.6 A49.8 A413 A54.5 A50.2 A47.1 A165 A66.0 A46.9

- . . . 38.6 (75.6) 31.2 (80.3) 32.6 80.2) 37.9 87.4) 60.0 86.5) 24.5©69.6) 11.0 204) 15.169.2) | 31.4 (71.2)
+ VisionZip (Yang etal., 20252) A37.0 A49.1 A47.6 A49.5 A26.5 A45.1 A9.4 A54.1 A39.8
k 5 26. 3) 29, . 7.0 (83. 4 (822) 22. . .2 (18. 17. 3) | 29.5 (65.

+ PruMerge+ (Shang et al., 2024) 38.8 (712.5) 26.0 69.3) 29.3 (69.1) 37.0 (83.9) 56.4 (82.2) 6 (61.4) 9.2 (18.4) 0 (70.3) | 29.5 (65.9)
A33.7 A433 A39.8 A46.9 A25.8 A38.8 A9.2 A533 A36.4

+ DART (Wen et al., 2025a) 36.4 (745) 33.7 (773) 36.4 (75.1) 37.9 849) 53.2 843) 223635 24.7 537 10.5 (71.1) | 31.9 (73.1)
A38.1 A43.6 A38.7 A47.0 A31.1 A412 A29.0 A60.6 A412

Token Reduction ({ 99.00%)

+ Downsample ‘ 0.0 (100.00 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) 0.0 (100.0) | 0.0 (100.0)
) . 18.3 (75.5) 18.3 (55.6) 21.5(53.2) 21.5(753) 44.3 (59.3) 15.0 61.0) 4.2 (19.5) 3.8 (73.3) | 18.4 (59.1)
+ FastV (Chen et al., 2024b) A57.2 A37.3 A31.7 A53.8 A15.0 A46.0 Al15.3 A69.5 A40.7
23.4 (719.4) 28. . 2.2 (76.9) 28. . X 2)  19.4 (69. 7 (7. . . 24.4 67.
+ VisionZip (Yang et al., 2025a) 3.4 (794) 28.8 (78.3) 32.2(76.9) 28.580.5) 53.6 (702) 19.4 (69.4) 3.7 (17.1) 5.5 (70.3) (67.8)
A56.0 A49.5 A44.7 A52.0 A16.6 A50.0 Al3.4 A64.8 A43.4
20.7 (7390 17.8 5590 21.1 (526) 22.9 (73.9) 52.6 49.7) 17.1(57.0) 2.5 (13.0) 7.1 69.5) | 20.2 (55.7)
+ PruMerge+ (Shang et al., 2024) A53.2 A38.1 A315 A51.0 A29 A39.9 A10.5 A62.4 A35.5
+ DART (Wen et al., 2025a) 24.5 (76.1) 26.5 (63.2) 28.1(59.00 30.6 (732) 41.5 67.4) 19.2 (63.7) 25.6 43.1) 4.2 (70.7) | 25.0 (64.6)
A51.6 A36.7 A30.9 A42.6 A25.9 A44.5 Al17.5 A66.5 A39.6
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Table 6: Comparison of advanced token compression methods on LLaVA-OV-7B across five reduction ratios. Values
are formatted as: Group A (Group B) with difference A below. A refers to the absolute gap between groups.

Method \ GOA MMB MMBCN POPE MMStar Average
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Figure 3: Visualization of “difficult” samples with downsampling ratio set to 2.

EffiVLM-Bench, researchers are capable of com-
paring and testing different compression methods
based on the same model without the effort of
adapting these methods to different models.

Different from Effi VLM-Bench, we do not aim
to build an open-source toolkit for the community,
but to reflect whether the benchmarking system for
the visual token compression methods. Under such
expectations, VTC-Bench is proposed to address
the task mismatch between current benchmarks and
the visual token compression task.

E Visualization between Groups

Additionally, we visualize the “difficult” and “sim-
ple” samples to observe their characteristics. As
shown in Figure 3 and Figure 4, the “difficult” sam-
ples tend to require multiple detail perceptions and
comparisons, such as figuring out the extreme val-
ues in a chart or performing complex counting. For
example, Question (Which month is the wettest
on average in Christchurch?) requires models to
capture several details, including the precipitation
of all 12 months, and conduct complex compar-
isons. Question (How many types of fruits are in
the bowl?) requires models to understand large
amounts of tiny fruits, which is a typical com-

E3]

plex counting question. Meanwhile, the “simple
samples usually perceive based on medium/large-
sized patterns or perform simple dual-value com-
parisons. For example, Question (What is at the top
of the food web?) only requires understanding four
medium-sized patterns. Question (f(-1) is _ £(0).)
requires only the comparison of two values. In
summary, “difficult” samples often require answers
based on several details, while “simple” samples
usually require answers based on non-detailed or
limited details.

F Statistical Analysis of Image Properties
between Groups

To investigate whether the inherent “difficulty” of
a sample for visual token compression could be
attributed to basic, low-level visual properties, we
conduct a quantitative analysis of key image statis-
tics between samples labeled as “difficult” (Group
A) and “simple” (Group B). The statistics mea-
sured included image entropy, brightness, contrast,
colorfulness, and original image dimensions. This
analysis is performed for both the MMStar and
POPE across multiple downsampling ratios used
for grouping (from 2 to 5).

The results in Table 7, and Figure 5 reveal a
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Right Answer: B

Downsample Answer: B

Figure 4: Visualization of “simple” samples with downsampling ratio set to 2.

Table 7: Low-level visual properties of two groups based on MMStar and POPE across different downsampling

ratios.
Benchmark Downsample Group Entropy Brightness Contrast Colorfulness Size (W 0 x H+o0)
3 Ratio 2 Group A 4.97+2.22 165.63 £71.60 50.99 +17.21 38.51 & 28.43 (457.87 & 205.37) x (353.56 + 165.86)
a Group B 5.06 £2.27 167.15+64.92 52.11 +17.62 39.79 + 32.87 (508.06 + 272.49) x (389.30 + 221.20)
% Ratio 3 Group A 4.97+2.29 163.13 £69.82 52.00 +18.38 37.91 £ 27.77 (485.88 £ 236.38) x (383.46 & 190.36)
ot GroupB 5.08 £2.25 168.58 +£64.67 51.80+17.12 40.29 £33.75 (502.46 £ 270.65) x (380.56 £ 220.04)
5 Ratio 4 Group A 4.99 +2.29 165.73 £68.70 52.57 £17.54 36.42 £ 28.05 (486.04 £ 230.52) X (366.15 £ 165.08)
g Group B 5.07 £2.24 167.50 +64.95 51.42+17.52 41.48 £34.06 (504.11 £ 277.10) x (391.21 + 234.83)
é Ratio 5 Group A 4.90 +2.31 167.97 £68.25 51.97 +17.65 36.88 & 27.44 (502.70 & 253.08) x (382.14 4 198.24)
Group B 5.15+2.22 165.92+64.96 51.79+£17.45 41.57 £34.94 (492.74 £ 265.51) x (380.99 £ 220.28)
Ratio 2 Group A 7.39+0.41 109.22 £ 28.33 62.86 +14.36 44.25 +20.71 (583.56 £ 89.37) x (478.05 & 87.72)
~ GroupB 7.40 £0.44 110.61 +28.24 61.10+13.23 43.16 £20.46 (583.88 +86.74) x (479.65 £ 90.52)
% Ratio 3 Group A 7.39 +0.43 110.04 £28.62 61.35 +14.10 44.39 +20.77 (583.67 £ 86.12) x (469.42 4 84.01)
g GroupB 7.40+0.44 110.58 £28.20 61.19 +13.21 43.09 £20.44 (583.89 + 86.99) x (480.72 £ 90.99)
g Ratio 4 Group A 7.41+0.41 112.04 £27.46 61.89 +13.85 43.76 +£19.59 (579.60 £ 89.42) x (477.16 & 86.95)
8 GroupB 7.39£0.45 110.27 +28.37 61.09 +13.21 43.14 £20.62 (584.58 +86.45) x (479.95 £ 90.91)
= Ratio 5 Group A 7.40 +0.43 111.47 £28.01 61.66 +13.43 44.58 +20.15 (584.90 =+ 84.97) x (475.62 £ 87.85)
GroupB 7.39+0.44 110.35+28.29 61.12+13.28 42.98 £20.53 (583.67 + 87.25) x (480.28 £ 90.80)
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Figure 5: Visualization of low-level visual properties of two groups based on MMStar and POPE across different
downsampling ratios. DSx refers to that downsampling ratio is set to x.

consistent and crucial pattern: there is no statisti-
cally significant difference in these low-level im-
age statistics between Group A and Group B for
either dataset. For instance, in MMStar, the av-
erage entropy ranges between 4.90 and 5.15 for
both groups, while brightness values are centered
around 163-168. Similarly, in POPE, the average
entropy remains at approximately 7.40, and the av-
erage brightness varies minimally around 110 for
both groups. The substantial overlap in the ranges
indicated by the standard deviations confirms this
lack of separation.

This finding is pivotal. It demonstrates that sim-
ple, perceptual image properties cannot explain or
easily predict the “difficulty” of samples. Samples
that are “difficult” are not systematically brighter,
more colorful, higher in contrast, or larger in size
than simpler samples. Consequently, the defining
characteristic of a “difficult” sample must lie be-
yond these elementary features.

It is precisely the absence of a straightforward,
low-level metric to distinguish difficulty that vali-
dates our methodological choice to use downsam-
pling as an operational and effective proxy for iden-
tifying samples that challenge the model’s visual
compression. However, although downsampling
effectively distinguishes the “difficulty” of samples,
it is equally important to further find reasonable
and high-level metrics to measure difficulty, which
requires us to explore further in the future.

G Inference Time Comparison

In this section, we provide a detailed comparison
of the inference time between the simple downsam-
pling baseline and one other advanced visual token
compression method*. Considering that different
methods optimize code complexity differently and
use different acceleration tools, we compare DART
and downsampling based on the same code repos-
itory from DART within 1 A800. As shown in
Table 8, the reduction in tokens has far less im-
pact on speed than we had anticipated in DART,
while downsampling shows more normal results.
We believe this is most likely due to the time over-
head caused by additional metric calculations in the
sophisticated visual token compression methods,
which further proves the efficiency of downsam-
pling in the previous evaluation system of visual
token compression methods.

Table 8: Inference time comparison of downsampling
and DART (Wen et al., 2025a). Budget refers to the
proportion of remaining visual tokens.

Budget Downsample DART
1.0000 305665 -

0.2500 17452s 25200s
0.1111 148465 24094s
0.0625 13584s 24079s
0.0400 129755 23690s
0.0100 12802s 23386s

*Inference time is collected through our training logs for
rough comparison, which is calculated based on the inference
start time and end time of all 8 benchmarks.
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