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Abstract

Large vision-language models (LVLMs) excel at visual un-
derstanding, but face efficiency challenges due to quadratic
complexity in processing long multi-modal contexts. While
token compression can reduce computational costs, exist-
ing approaches are designed for single-view LVLMs and fail
to consider the unique multi-view characteristics of high-
resolution LVLMs with dynamic cropping. Existing meth-
ods treat all tokens uniformly, but our analysis reveals that
global thumbnails can naturally guide the compression of lo-
cal crops by providing holistic context for informativeness
evaluation. In this paper, we first analyze dynamic cropping
strategy, revealing both the complementary nature between
thumbnails and crops, and the distinctive characteristics
across different crops. Based on our observations, we propose
“Global Compression Commander” (i.e., GlobalCom~), a
novel plug-and-play token compression framework for HR-
LVLMs. GlobalCom? leverages thumbnail as the “comman-
der” to guide the compression of local crops, adaptively
preserving informative details while eliminating redundancy.
Extensive experiments show that GlobalCom? maintains over
90% performance while compressing 90% visual tokens, re-
ducing FLOPs and peak memory to 9.1% and 60%.

Code — https://github.com/xuyang-liu16/GlobalCom2
Extended version — https://arxiv.org/abs/2501.05179

1 Introduction

By bridging visual encoders with large language models
(LLMs) (Touvron et al. 2023; Yang et al. 2024), large vision-
language models (LVLMs) (Liu et al. 2024a; Bai et al. 2023)
have recently achieved remarkable progress. As LVLMs ad-
vance towards high-resolution image understanding (HR-
LVLM:s), dynamic cropping has emerged as a de facto stan-
dard, represents a high-resolution image as a global thumb-
nail combined with a set of local crops. While this enables
models like LLaVA-NeXT (Liu et al. 2024b) and InternVL
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Q: “What football league is the
jacket from on the man pointing?”
A: “Ryman”

W Observations:
1. Thumbnails and crops serve
complementary roles in HR-
LVLMs with dynamic cropping.
2. Crops exhibit varying

Global Compression Commander
| redundant

information richness, leading
to differqgigeontributions.

Figure 1: Design philosophy of ‘“global-to-local” guided
token compression. GlobalCom? evaluates the information
richness of local crops from a global perspective to preserve
informative regions while removing redundant ones.

3 (Zhu et al. 2025) to capture fine-grained details with vi-
sion encoding efficiency, it also introduces challenges with
increased visual tokens and hierarchical visual context.

To enhance the efficiency of LVLMs, recent efforts have
increasingly adopted token compression approaches (Cha
et al. 2024; Shang et al. 2025; Liu et al. 2025b,c,a; Wen
et al. 2025¢), which reduce visual tokens while preserv-
ing essential information. These architecture-agnostic meth-
ods achieve optimal efficiency-accuracy trade-offs and have
proven effective for LVLM acceleration. However, these
methods were primarily designed for traditional single-view
architectures (the entire image in Figure 1 top). While the
multi-view dynamic cropping approach enables more fine-
grained visual understanding, it further increases the number
of visual tokens and computational overhead.

However, directly applying existing token compression
methods to HR-LVLMs overlooks three critical issues: (i)
Global context neglect: Current methods disregard the cru-
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Figure 2: Complementary roles of global thumbnail and
local crops in HR-LVLMs with dynamic cropping. Per-

formance (%) denotes relative scores of LLaVA-NeXT-7B.

cial role of global thumbnails in extracting holistic context
and guiding visual understanding (Figure 2). (ii) Informa-
tion richness disparity: They fail to account for varying in-
formation density across different crops (Figure 3), resulting
in performance gaps exceeding 5% on high-resolution tasks
when comparing the removal of most versus least informa-
tive crops. (iii) Content-agnostic positional bias: Inner-
LLM question-aware compression methods (Chen et al.
2024; Xing et al. 2025; Zhang et al. 2025) systematically
allocate more tokens to later-positioned crops irrespective
of their actual informative content (Figure 4), inducing se-
vere multi-modal hallucinations under extreme compression
(Table 1). These three oversights collectively result in over-
compression of information-rich regions and disruption of
the visual-semantic hierarchy (Figure 7).

To bridge this critical gap, we first conduct systematic
analysis of dynamic cropping in Section 3, identifying ftwo
key observations: @ Thumbnail and crop tokens serve com-
plementary roles - thumbnails capture holistic context while
crops provide fine-grained details, enabling global impor-
tance evaluation. ® Through global context, tokens from dif-
ferent crops exhibit varying informativeness, requiring dif-
ferentiated compression to minimize information loss.

Building on these observations, we propose “Global
Compression Commander” (GlobalCom?), which follows
a “global-to-local” guided token compression philosophy
tailored for dynamic cropping-based HR-LVLMs. In Fig-
ure 1, GlobalCom? leverages holistic information from
thumbnails to evaluate each crop’s information richness,
adaptively adjusting compression intensity. It performs to-
ken compression through comprehensive evaluation from
both global and local perspectives, achieving differentiated
compression across regions while preserving significant in-
formation. This approach can be integrated with existing
question-aware methods. Notably, integrating this “global-
to-local” design with FastV (Chen et al. 2024) and Spar-
seVLM (Zhang et al. 2025) achieves significant improve-
ments of 5.3% and 5.2% across benchmarks while alleviat-
ing multi-modal hallucination caused by positional bias.

To summarize, our main contributions are three-fold:

e Systematic Dynamic Cropping Analysis: We empiri-
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Figure 3: Varying contributions of local crops. Importance
is quantified by the accumulated attention scores between

thumbnail patches and [CLS] token within each crop.

cally analyze the hierarchical nature of dynamic crop-
ping and thoroughly investigate existing token compres-
sion methods for HR-LVLMs, identifying fundamental
causes of critical information over-compression.

* Global-to-Local Compression Philosophy: We pro-
pose GlobalCom?, a training-free framework that adap-
tively adjusts compression intensity based on crop infor-
mation richness assessment and preserves semantically
important tokens across the entire visual hierarchy.

* Superior Performance-Efficiency Trade-offs: Exten-
sive experiments on multiple HR-LVLMs with dy-
namic cropping demonstrate exceptional balance of
GlobalCom?, maintaining over 90% performance with
90% token reduction, while achieving substantial mem-
ory savings and throughput improvements.

2 Related Work

High-resolution LVLMs. LVLMs integrate vision encoders
and LLM decoders via projectors for feature alignment (Liu
et al. 2023; Dai et al. 2023). Early LVLMs (Liu et al. 2024a;
Bai et al. 2023) resize images to fixed resolutions, caus-
ing shape distortion and detail loss. To address this, high-
resolution LVLMs have emerged in three categories: (i) Hy-
brid resolution methods using dual visual encoders (Li et al.
2024; Luo et al. 2025). (ii) Native resolution methods with
NaViT-style encoders (Wang et al. 2024; Guo et al. 2025).
(iii) Dynamic cropping methods (Li et al. 2025; Zhu et al.
2025), which split images into regions for single-encoder
processing. Dynamic cropping has gained widespread adop-
tion (Lu et al. 2025; Chen et al. 2025) due to its vision en-
coding efficiency. However, increased visual tokens intro-
duce computational challenges in inference speed and mem-
ory usage. Our work focuses on improving the efficiency of
dynamic cropping-based HR-LVLMs.

Token Compression for LVLMs. Token compression,
which aims to reduce the sequence length of tokens for
computation efficiency, has been widely adopted for model
acceleration (Rao et al. 2021; Liang et al. 2022; Bolya
et al. 2023). For LVLMs, recent works have focused on
training-free token compression for LVLM acceleration at
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Answer: “ "
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Figure 4: Content-agnostic positional bias. LLM attention-
guided methods (e.g., FastV) assign higher scores (bars) to
later tokens, regardless of their content or input order (sec-
ond row: sequential crops; third row: reversed crops).

two stages: (i) Vision Encoding stage (Shang et al. 2025;
Yang et al. 2025): FasterVLM (Zhang et al. 2024) leverages
[CLS] attention scores to prune visual tokens. (ii) LLM
Pre-filling stage (Xing et al. 2025; Ye et al. 2025; Wen et al.
2025b): FastV (Chen et al. 2024) prunes tokens based on
LLM self-attention, while SparseVLM (Zhang et al. 2025)
uses cross-modal attention scores. Some methods combine
both stages (Liu et al. 2024c; Han et al. 2024). However,
these methods treat all visual tokens equally in a “flat” token
space, ignoring HR-LVLMs’ hierarchical structure where
thumbnails and crops serve distinct roles.

Our work is the first to systematically quantify this over-
sight’s severe consequences, revealing critical failure modes
including uniform over-compression and positional bias. We
address this by proposing a “global-to-local” compression
framework that leverages hierarchical structure, represent-
ing a shift toward structure-aware token compression.

3 Analysis of Dynamic Cropping

3.1 Preliminary

We take LLaVA-NeXT, a widely-adopted HR-LVLM with
dynamic cropping, as an example to conduct our analysis.
Model Architecture. Given input image and text, LLaVA-
NeXT generates responses through: (i) Vision Encoding:
ViT (Radford et al. 2021) converts pixels to embeddings
via MLP projector. (ii) LLM Decoding: LLM processes con-
catenated tokens, generating responses auto-regressively.
Pre-processing. LLaVA-NeXT uses grid templates: {2 x
2,1 x{2,3,4},{2, 3,4} x 1}. Images of size W x H are
scaled to (336 xa) x (336 x b), yielding n = a x b local crops
X’ and a thumbnail X&. Total token length is (1 +n) x N.
Post-processing. LLaVA-NeXT removes padding tokens
and adds boundary tokens to mark image regions, preserving
aspect ratios while enhancing efficiency.
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3.2 Stepping into Dynamic Cropping

HR-LVLMs process high-resolution images using dynamic
cropping with thumbnails and crops. We analyze their char-
acteristics to guide token compression design.

(I) Functions of Thumbnail and Crops: We begin with
an exploratory experiment to investigate how thumbnail and
crops contribute to image understanding in HR-LVLMs by
using them separately as input to LLaVA-NeXT-7B.

Figure 2 demonstrates that using global thumbnail alone
yields superior performance on general visual perception
benchmarks (e.g., SQA (Lu et al. 2022) and MMBench (Liu
et al. 2024d)). This advantage stems from global thumb-
nails providing holistic visual information through complete
ViT encoding. In contrast, using only local crops, where
ViT independently encodes each crop, shows inferior per-
formance on these general visual perception tasks. How-
ever, local crops excel in fine-grained perception tasks like
TextVQA (Singh et al. 2019) (VQAT, testing text-centric
visual understanding) and POPE (Li et al. 2023) (testing
model hallucination) by providing detailed visual features.
Therefore, we identify that:

Observation @: Global thumbnails and local crops serve
complementary functions in HR-LVLMs with dynamic
cropping: the former acts as a “comprehensive visual extrac-
tor” for holistic representations, while the latter serves as a
“detailed visual capturer” for fine-grained representations.
(IT) Information Richness in Different Crops: Given that
dynamic cropping leads to distinct visual representations
across crops, we investigate the variance through both qual-
itative and quantitative perspectives.

Through visual inspection of the input image in Figure 5,
we observe that the upper crops contain rich visual content
(e.g., football players), while the lower crops mainly show
redundant grass areas. To quantitatively validate this obser-
vation, we analyze the attention scores between [CLS] and
patch tokens, which have been shown to effectively indi-
cate token importance in prior works (Liang et al. 2022; Han
et al. 2024). As visualized in Figure 5, the attention distri-
bution from CLIP-ViT’s last layer shows significantly higher
values in the upper regions, confirming that upper crops con-
tain more semantic information from a global perspective.

Building upon this qualitative analysis, we conduct quan-
titative studies to validate our observations. Since attention
scores with the [CLS] token effectively measure token-
level semantic richness, we leverage these scores to assess
crop importance by by computing the sum of partitioned
attention scores within each crop region. To examine crop
contributions in HR-LVLMs, we conduct experiments on
LLaVA-NeXT-7B by selectively dropping local crops (i.e.,
dropping the most/least important one). As shown in Fig-
ure 3, dropping the most versus least important crops leads
to significant performance gaps across visual understanding
tasks, with an average drop of 2.4% across six benchmarks
and particularly notable in VQAT (5.2% gap). Based on the
above analysis, we identify that:

Observation ®: Local crops exhibit varying information
richness in global context, leading to different contributions
to the overall visual understanding of HR-LVLMs with dy-
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Figure 5: Overall framework. GlobalCom? guides token compression for HR-LVLMs through: 1) compressing thumbnail
tokens (blue path), and 2) compressing crop tokens (yellow paths) by (a) adaptively adjusting compression intensity based on
global visual richness, and (b) performing compression according to token informativeness from global and local perspectives.

namic cropping, with visually informative crops being par-
ticularly crucial for capturing fine-grained local details.

4 Global Compression Commander

HR-LVLMs with dynamic cropping increase token length
(5% in LLaVA-NeXT (Liu et al. 2024b), 10x in LLaVA-
OV (Li et al. 2025)), making self-attention’s quadratic com-
plexity a bottleneck. Inspired by human vision’s process of
grasping scene gist before focusing on details, we propose
“Global Compression Commander” (GlobalCom?) which
implements a “global-to-local” compression strategy.

In Figure 5, for thumbnail token compression, we identify
tokens with essential holistic information. Given the [CLS]
token’s effectiveness as global image representation (Liang
et al. 2022), GlobalCom? uses the last ViT layer’s attention
map to compute attention between each token and [CLS]
(blue path in Figure 5). For the 1D token sequence X& of
length N, the importance score s§ for the i-th token is:

G —

exp (¢°*K/ /vD)
"N exp(q©=K] /VD)’

where q°*° and K € RV*P are query of [CLS] and keys
of X&. Given a preset retention ratio R (%), GlobalCom?
preserves the top-k (k = R x N) tokens ranked by s:

X% - X% = TopK (X%, 5%, R x N).

(0

2

While thumbnail compression focuses on preserving
holistic context, crop compression faces more complex chal-
lenges due to varying information densities across differ-
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ent crops. Following observation @, semantically rich crops
should preserve more tokens for crucial details, while less
informative ones can be compressed more aggressively.
GlobalCom? leverages the comprehensive visual knowl-
edge from thumbnails to guide crop compression through
a decoupled two-stage process: (a) Adaptive Compression
Adjustment, which dynamically adapts the compression in-
tensity for each crop based on its information richness, and
(b) Holistic Token Evaluation, which assesses the informa-
tiveness of tokens from both local and global views.

4.1 Adaptive Compression Adjustment

As shown in bottom-left of Figure 5, GlobalCom? analyzes
each local crop’s semantic contribution and applies adaptive
token compression accordingly.

For differentiated compression, we compute each crop’s
information richness score st by accumulating patch-to-
[CLS] attention scores in its corresponding global thumb-

. . . G _ G .
nail region: sy’ = Ziecmpj s;”. We then normalize scores

with §; = (s§ — max(s))/7 (r = 10) and compute rela-

tive importance weight o; via softmax:

_ exp(3;)
i1 exp(§y) + €

where ¢ = 1078 prevents division by zero. The final reten-

tion ratio r; for each crop is adjusted from the preset ratio
R(%) based on its global content importance:

1
’I"j:RX <1+O-J_ﬁ>’

9j

3

“



Method GQA VizWiz SQA MMB POPE VQA' MME MM-Vet  Average
Upper Bound, 2880 Tokens

LLaVA-NeXT-7B 64.2 57.6 70.1 67.4 86.5 64.9 1519.0 439 100.0%
Ratio=50%, Retain up to 1440 Tokens

FastV (eccvza) 61.8 54.9 69.0 67.4 85.5 59.6 1490.3 37.6 95.5%
PDrop (cverzs) 63.7 57.9 69.2 67.7 87.9 61.6 1499.6 37.5 97.4%
Sparse VLM (1cur2s) 63.7 57.2 68.3 67.6 87.9 60.5 1507.2 36.8 96.8%
FasterVLM (2024.12) 63.4 56.4 69.1 67.4 87.7 58.9 1533.3 39.6 97.3%
GlobalCom? 63.9 56.5 68.5 67.6 88.1 62.3 1552.9 40.4 98.5%
Ratio=25%, Retain up to 720 Tokens

FastV (eccvza) 60.4 54.2 68.8 65.6 83.1 58.4 1477.3 354 93.4%
PDrop (cverzs) 60.3 56.8 68.5 65.6 85.5 59.8 1473.7 31.1 93.3%
Sparse VLM (1cur2s) 59.9 56.0 67.5 65.6 85.0 58.3 1465.9 38.5 94.6%
FasterVLM (2024.12) 61.3 55.4 67.1 66.0 87.2 58.8 1454.6 37.8 94.8%
GlobalCom? 61.5 55.7 68.1 65.9 87.6 60.9 1493.5 40.7 96.7 %
Ratio=10%, Retain up to 288 Tokens

FastV (eccvaa) 55.9 53.1 68.1 61.6 71.7 55.7 1282.9 27.2 85.4%
PDrop (cverzs) 54.5 54.4 67.7 59.0 77.6 54.4 1262.1 24.0 84.3%
Sparse VLM (zcur2s) 56.3 52.1 68.5 60.0 80.1 53.9 1334.2 26.5 86.1%
PruMerge (1ccvzs) 53.6 54.0 66.4 61.3 60.8 50.6 1149.3 25.5 80.6%
FasterVLM (2024.12) 56.9 52.6 66.5 61.6 83.6 56.5 1359.2 35.0 89.9%
GlobalCom? 571 54.6 68.7 61.8 83.8 584 1365.5 36.4 91.6 %

Table 1: Comparisons with LLaVA-NeXT across image understanding benchmarks. VQAT (TextVQA), MME, MM- Vet
are high-resolution benchmarks. “Average” shows mean performance across benchmarks, with best results highlighted.

where o; — % is deviation from average importance, allo-
cating more tokens to important content and fewer to unim-
portant, for adaptive content-aware compression.

Through this process, GlobalCom? allocates compression
degrees (i.e., {ri,r2,r3,74} in Figure 5) based on each
crop’s information richness from the global view.

4.2

After determining compression degrees for each crop,
GlobalCom? evaluates token importance for preservation
(Figure 5). For each crop, attention between patch tokens
and [CLS] yields local importance scores {SJL j=1 from
final-layer attention. These only capture within-crop impor-
tance, missing cross-region elements. Following observation
0, GlobalCom? incorporates global thumbnail context by
reshaping 1D attention scores s© to 2D format and applying
bilinear interpolation to match original dimensions, yielding
{éG}?:l sub-maps per crop. The holistic score s; ; for the
i-th token in the j-th crop is:

Holistic Token Evaluation

o= qC
55 =8

&)

where we empirically set o = 0.5 to give equal considera-
tion to both information sources. The final compression:

XE — X = TopK(XE, 55,75 x N). (6)

This holistic evaluation identifies globally significant tokens
while preserving local details.

L
Ji T (1—-a)s

g

4.3 GlobalCom? without [CLS] Token

For HR-LVLMs without [CLS] token (e.g., LLaVA-
OneVision (Li et al. 2025) with SigL.IP (Zhai et al. 2023)),
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we propose an alternative token informativeness measure for
GlobalCom?. Specifically, given a sequence of vision tokens
X € RV *4 after vision encoding, we first compute a global
mean vector g € R through global average pooling over
all tokens, and then calculate the cosine similarity between
each patch token x; and g:

X- .
ci = cos(x;, ) = m’ (7
(2
The informativeness score s; = —c; is negatively corre-

lated with the similarity, reflecting that tokens with greater
difference from g carry more unique information. Specifi-
cally, tokens exhibiting low similarity to g represent distinc-
tive and irreplaceable visual elements, while highly similar
tokens typically correspond to redundant or common pat-
terns. This scoring mechanism serves as an effective alter-
native to [CLS]-based scoring in Equation 2-5 for mod-
els without [CLS] token. It is adopted to evaluate both
crop-level information richness and token-level importance
in LLaVA-OneVision. We conduct comprehensive quantita-
tive and qualitative analyses in Appendix to explore how to
measure token informativeness without [CLS] token.

5 Experiments
5.1 Experimental Setting

We evaluate on LLaVA-NeXT (Liu et al. 2024b) and
LLaVA-OneVision (Li et al. 2025) for evaluation. We com-
pare with FastV (Chen et al. 2024), SparseVLM (Zhang
et al. 2025), PDrop (Xing et al. 2025), PruMerge (Shang
et al. 2025), FasterVLM (Zhang et al. 2024) at different re-
tention ratios R. For fair comparison with multi-stage meth-
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Figure 6: Results of GlobalCom? on LLaVA-OneVision
for image understanding. GlobalCom? achieves 90.5% av-
erage performance with only 10% visial tokens.

ods, we use “equivalent token count” reflecting the average
percentage of vision tokens retained across all LLM layers.

5.2 Main Results

Results on LLaVA-NeXT. Table 1 compares GlobalCom?
with existing methods with LLaVA-NeXT, which demon-
strates its three key advantages: (i) Superior performance:
GlobalCom? consistently outperforms all baselines, being
the only method that maintains >90% of the original per-
formance across all retention ratios. (ii) Extreme com-
pression robustness: While baseline methods suffer sig-
nificant degradation at R = 10%, GlobalCom? maintains
robust performance and achieves the best results across
all benchmarks, outperforming the second-best method by
1.7% on average. Notably, FastV and PDrop demonstrate
severe deterioration on POPE, exhibiting clear multi-modal
hallucination due to positional bias from attention-guided
token selection (Figure 7). (iii) High-resolution excel-
lence: GlobalCom? demonstrates exceptional performance
on high-resolution benchmarks (e.g., VQAT, MME, MM-
Vet). Our “global-to-local” guided compression preserves
both global semantics and local details, outperforming base-
lines that suffer from over-compression.

Results on LLaVA-OneVision. Figure 6 further presents
GlobalCom?’s performance across benchmarks under vary-
ing retention ratios R on LLaVA-OneVision. Generally,
model performance correlates with R, with more aggressive
compression leading to degradation. Vision-centric tasks
(e.g., GQA, VizWiz, MME, SEED) show substantial drops
with reduced visual tokens, while SQA maintains robust per-
formance even with minimal tokens, suggesting language
understanding dominates in scientific reasoning. Notably,
GlobalCom? preserves 90.5% performance at R = 10%
while consuming only 35.4% of the original GPU memory,
all without any training overhead, demonstrating its effective
and efficient token compression.

5.3 Ablation Study and Analysis

Ablation on Adaptive Compression Adjustment. Table 2
compares four settings: (a) “Uniform” baseline with R =
25% across all crops, and three adaptive strategies: (b)
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Method SQAPOPE VQAT MME MM- Vet Avg.
Upper Bound, 2880 Tokens

Vanilla 70.1 86.5 649 1519.0 439 100.0%
Ratio=25%, Retain up to 720 Tokens

Uniform 67.1 87.2 60.1 1454.6 37.8 942%
Niop-k 67.4 873 59.8 1471.5 357 94.5%
Softmax (max) 67.3 87.2 60.3 1462.6 384 94.7%
Softmax (sum) 67.6 87.4 60.6 1473.3 39.6 95.6%

Table 2: Effects of different adjustment strategies. “Uni-
form” performs no compression adjustment, while the other
three strategies enable adaptive compression adjustment.

Method SQA POPE VQAT MME MM-Vet Avg.
Upper Bound, 2880 Tokens

Vanilla 70.1 86.5 649 1519.0 439 100.0%
Ratio=25%, Retain up to 720 Tokens

Local only 67.6 87.4 60.6 14733 39.6 95.6%
Global only 679 86.4 602 1488.5 37.8 94.7%
Global and Local 68.1 87.6 60.9 1493.5 40.7 96.7%

Table 3: Effects of different token evaluation metrics. For
the ¢-th token in crop j, “Global” and “Local” refer to im-
portance scores §]Gl and st , in Equation (5), respectively.

“Nyop-+” adjusting compression based on top-k most infor-
mative tokens per crop (k 25% x N), (c) “Softmax
(max)” applying softmax over maximum token importance
score SJG in each crop’s thumbnail, and (d) “Softmax (sum)”
(our choice) computing softmax over sum of token impor-
tance scores sf in each crop’s thumbnail region. All adap-
tive strategies outperform uniform compression, with “Soft-
max (sum)” achieving the best performance. While ngp.«
and “Softmax (max)” focus on strongest visual features
per crop without considering global importance, “Softmax
(sum)” adjusts compression based on each crop’s overall im-
portance to the entire image, preserving more semantic in-
formation and helping the LLM capture finer visual details.
Ablation on Holistic Token Evaluation. Table 3 compares
different token evaluation strategies. While both strategies
are effective, each has limitations: Local-only evaluation
excels at fine-grained tasks (VQAT, POPE) but underper-
forms on general perception benchmarks (MME, SQA) due
to missing global context. Global-only evaluation maintains
general perception but may overlook crucial local details.
GlobalCom? achieves optimal performance by combining
them, leveraging their complementary strengths.

Combination with Question-aware Methods. Figure 8 ex-
plores combining GlobalCom? with question-aware meth-
ods FastV and SparseVLM, enabling joint consideration of
textual relevance and visual importance. Using our Adaptive
Compression Adjustment strategy, we assign optimal com-
pression intensities (i.e., r; for the j-th crop) per crop based
on its visual information richness within the global context
before applying FastV/SparseVLM’s token evaluation met-
rics. Under extreme compression (R = 10%), incorporat-
ing GlobalCom? yields average improvements of 5.3% and
5.2% for FastV and SparseVLM. Notably, GlobalCom? sig-
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Figure 8: Combination with question-aware methods.
“+GlobalCom?” indicates the application of our Adaptive
Compression Adjustment strategy under R = 10%.

nificantly boosts performance on POPE, with improvements
of 8.2 for FastV and 4.5 for SparseVLM, confirming our
strategy’s effectiveness in mitigating positional bias by pre-
venting over-compression of important regions.

5.4 Efficiency Analysis

Table 4 compares inference efficiency among SparseVLM,
FasterVLM and GlobalCom?. Sparse VLM requires explicit
attention scores in LLM and is naturally incompatible with
FlashAttention (Dao et al. 2022), leading to higher mem-
ory costs (Wen et al. 2025a). Instead, FasterVLM and our
GlobalCom? enable efficient computation before LLM de-
coding for efficient computation. As a plug-and-play solu-
tion, GlobalCom? achieves superior performance-efficiency
trade-offs, maintaining 90% of the original performance
while dramatically reducing peak memory usage by 40%
and boosting inference throughput by 1.8x.

5.5 Compression Visualizations

Figure 7 compares compression processes of different meth-
ods at extreme compression setting of R = 10% on VQAT,
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Method TFLOPs| Memory/| Throughput{Performance?{
Upper Bound, 2880 Tokens

Vanilla 41.7 23.0 3.8 100%
Ratio=10%, Retain up to 288 Tokens

SparseVLM  5.487.19%) 24.2¢52%  5.906x) 85.7%
FasterVLM 3.8 190.9%) 13.61401%) 6.7 a.8x) 89.5%
GlobalCom? 3.8 190.9%) 13.9400% 6.7 18%) 90.8 %

Table 4: Efficiency comparisons. “Memory”: peak GPU
memory; “Throughput”: POPE samples/second; ‘“Perfor-
mance”: average score on eight multi-modal benchmarks.

revealing over-compression issues in baselines: (i) Posi-
tional Bias: FastV exhibits clear positional bias, allocating
more tokens (>3x) to later-positioned crops regardless of
visual content. (ii) Uniform Compression: FasterVLM ap-
plies uniform compression across all crops, treating them as
equally important. It fails to preserve critical information in
some regions while retaining redundancy in others. In con-
trast, GlobalCom? globally assesses crop informativeness
and adaptively adjusts compression ratios, preserving cru-
cial details while eliminating redundancy.

6 Conclusion

Token compression has achieved significant progress in ac-
celerating LVLM inference. When applying existing meth-
ods to HR-LVLMs with dynamic cropping, these methods
treat global thumbnails and local crops uniformly, overlook-
ing their inherent characteristics. Through analyzing HR-
LVLMs with dynamic cropping, we reveal distinct roles
between thumbnails and crops, and observe varying infor-
mation densities across crops. Based on these findings, we
propose GlobalCom?, a plug-and-play token compression
framework that operates on a “global-to-local” guided prin-
ciple, adaptively preserving informative regions while min-
imizing redundancy. Experiments show that GlobalCom?
achieves superior performance and efficiency across bench-
marks, significantly outperforming existing baselines.
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