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Abstract

Recent Multimodal Large Language Models (MLLMs) have
demonstrated strong performance on vision-language un-
derstanding tasks, yet their inference efficiency is often
hampered by the large number of visual tokens, particularly
in high-resolution or multi-image scenarios. To address this
issue, we propose EvoComp, a visual token compression
framework that significantly reduces token count while pre-
serving task accuracy. EvoComp introduces a lightweight
encoder-only transformer-based compressor that selects the
most informative and non-redundant visual tokens by jointly
considering visual and textual contexts. A core challenge
lies in providing effective supervision for training the com-
pressor. To this end, we design an evolutionary label-
ing strategy that searches for token subsets minimizing the
MLLM’s output loss, while enforcing semantic diversity
through vocabulary-based token grouping. We further train
the compressor using a tailored loss function combining the
GHM loss to mitigate class and difficulty imbalance, and a
cosine similarity regularization to encourage semantic sep-
aration between retained and discarded tokens. Extensive
experiments across multiple vision-language benchmarks
show that EvoComp outperforms existing methods based on
attention or similarity heuristics. Notably, it retains 99.3%
of the original accuracy under 3x token compression and
delivers up to 1.6x speedup on mobile devices.

1. Introduction

Multimodal Large Language Models (MLLMs) [1, 9, 24,
29, 62] have progressed impressively in vision-language un-
derstanding tasks. They demonstrate strong capabilities in
high-resolution image interpretation [8, 30, 31, 48], multi-
image reasoning [18, 47, 49, 57], and even video-based
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comprehension [6, 7, 22, 23]. However, these advances
come with substantial computational burdens, as such tasks
introduce a large number of visual tokens, often hundreds
or thousands per input [23, 30, 31]. As a result, the in-
ference cost of MLLMs scales dramatically in terms of
memory consumption and latency, especially due to the
quadratic complexity of transformer-based attention mecha-
nisms [20, 60]. This bottleneck becomes particularly severe
in resource-constrained environments such as edge devices
or mobile platforms [56]. Therefore, efficient inference for
MLLMs remains a critical challenge for real-world deploy-
ment.

A key observation is that visual representations are often
redundant, where a few tokens capture most of the semantic
content [16, 26, 39]. This motivates visual token compres-
sion, that is, selecting or synthesizing a compact subset of
tokens that preserves the model performance while reduc-
ing the inference cost [4, 5, 33].

Recent methods for visual token compression typically
rely on attention scores to identify important tokens [2, 5,
34] or similarity metrics to remove redundant tokens [4,
19, 51]. Attention-based approaches suffer from position
bias [14, 32, 50, 52], and are often incompatible with
efficient attention operators like FlashAttention [50, 54],
while similarity-based filtering ignores the semantic impor-
tance of tokens [50]. A third category incorporates text-
conditioned token selection [33, 53, 59] via cross-modal at-
tention, yet still depends on attention-based heuristics rather
than directly optimizing for the model’s output correctness.

In this work, we propose EvoComp, a framework for
visual token Compression that learns to select informative
and diverse tokens via Evolutionary labeling. An overview
of our method is illustrated in Figure 1. Given an MLLM
consisting of a visual encoder, an LLM and an align-
ment module between them [29-31], we insert a trained
transformer-based compressor between the alignment mod-
ule and the LLM. It receives aligned embeddings, both vi-
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Figure 1. An overview of the EvoComp framework. Evolutionary Labeling (Right) searches for informative visual tokens that minimize
the MLLM task loss, while ensuring non-redundancy by the semantic grouping strategy. Training Phase (Left Bottom) trains a lightweight
compressor using the searched labels, optimized with a combination of GHM and cosine similarity loss. Inference Phase (Left Top)
applies the trained compressor to filter tokens for efficient and accurate multimodal inference.

sual and textual, and then outputs retention probabilities to
guide visual token selection.

The central challenge lies in constructing high-quality
supervision signals to train the compressor. Instead of us-
ing heuristics, we generate supervision via an evolutionary
algorithm [12, 41, 43] applied to existing MLLM training
data [30]. Specifically, we search for a binary mask over
visual tokens, i.e. a 0-1 vector indicating which tokens to
keep or drop, such that the task-specific loss of the MLLM
is minimized with the retained visual tokens and all text to-
kens. In this way, the token selection is directly aligned with
the task objective and is conditioned on the textual input. To
further promote diversity, we propose a semantic grouping
strategy that groups visual tokens based on their semantic
similarity and constrains the search to permit only one to-
ken per group. The evolutionary algorithm offers excep-
tional flexibility to support various constraints, tasks, and
MLLM architectures.

The resultant binary masks are used to train the com-
pressor. Given that retained tokens are a small minority of
the original set, we address class and difficulty imbalance
during training by using the GHM loss [21], which dynam-
ically reweighs the gradients based on token difficulty. We
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also adopt a cosine similarity loss [61] to penalize similarity
between the retained and pruned token representations, thus
improving the classification performance. Once trained, the
compressor enables efficient token selection in a single for-
ward pass.

In summary, our main contributions are as follows:

We propose EvoComp for visual token compression,
which constructs supervision signals for training a
lightweight compressor to retain non-redundant and task-
relevant tokens based on both visual and textual inputs.
We introduce an evolutionary algorithm to search for
high-quality binary masks that align token retention with
task-specific loss of the MLLM, integrating both task rel-
evance and redundancy elimination.

We tailor a loss function that combines the GHM and
cosine similarity losses to improve compressor training
challenged by difficulty imbalance and token similarity.
Experiments on six vision-language understanding
benchmarks demonstrate that under 3x to 9x visual to-
ken compression, EvoComp preserves 99.3% to 94.9% of
the baseline accuracy before compression, while achiev-
ing 1.6x to 2.0x inference speedup on a smartphone.



2. Related Work

Vision-Information-Based Visual Token Compression.
A growing body of research has explored visual token com-
pression in MLLMs by analyzing token importance and di-
versity. A popular class of methods estimates token impor-
tance with attention scores. FastV [5] prunes visual tokens
with lower attention scores after early layers of an MLLM.
HiRED [2] uses class-to-patch attention to retain top-ranked
tokens. GlobalCom? [34] also adopts class token attention
and guides token compression using thumbnails. However,
attention scores suffer from position bias [14, 32, 50, 52]
and may not accurately reflect semantic importance.

Another category of methods focuses on redundancy re-
duction through similarity-based filtering. ToMe [4] merges
tokens with highly similar embeddings to minimize redun-
dancy. G-Prune [19] constructs a graph to represent token
similarities and performs information propagation to iden-
tify the most representative tokens. DART [51] retains to-
kens dissimilar to the selected pivot tokens. However, such
methods may retain diverse but unimportant tokens, as sim-
ilarity alone does not guarantee significance [50].

To take into account both importance and diversity,

PruMerge [45] combines attention-based and similarity-
based scoring. It first selects important visual tokens
based on class token attention and then enhances re-
tained tokens via key-based similarity clustering. Simi-
larly, VisionZip [55] selects the dominant tokens based on
their attention scores and merges the remaining semanti-
cally similar tokens. In contrast to these methods, our
method leverages an evolutionary algorithm to construct
supervision labels that reflect both token importance and
non-redundancy via task loss minimization and similarity-
constrained search, respectively.
Text-Conditioned Visual Token Compression. Another
line of work focuses on incorporating textual context into
the process of visual token selection to retain tokens that are
most relevant to the language prompt. By selecting vision-
relevant text tokens and computing their aggregated atten-
tion to each visual token, SparseVLM [59] prunes the least
relevant tokens layer by layer. PyramidDrop [53] retains all
visual tokens in shallow layers and gradually drops less im-
portant ones in deeper layers using their attention scores to
the last-instruction token.

In addition, there are works jointly considering to-
ken saliency and prompt alignment. For example, Must-
Drop [33] identifies vision-critical tokens and merges sim-
ilar neighboring tokens during visual encoding. In the pre-
filling stage, visual tokens semantically unrelated to the
prompt are pruned. Although these methods adapt token se-
lection to the prompt, they still largely depend on attention-
based heuristics. In contrast, EvoComp unifies the benefits
of text-aware guidance, redundancy reduction, and output-
oriented optimization.

3534

3. Methodology

3.1. Preliminary

MLLMs integrate visual and textual modalities to enable
sophisticated vision-language understanding and reasoning.
An MLLM typically consists of three components: a visual
encoder, a modality alignment module, and an LLM [29—
31]. The visual encoder (e.g., CLIP [42] or SigLIP [58])
transforms a visual input into a sequence of visual tokens,
each representing a local patch. The alignment module (of-
ten a projection layer or a lightweight adapter) maps these
tokens into a shared latent space compatible with the LLM
input space to generate aligned visual tokens. Textual input
includes system prompts, user queries, and, during train-
ing, optional gold-standard responses as supervision. These
are embedded and concatenated with the aligned visual to-
kens before being fed into the LLM for generation or pre-
diction. As visual resolution increases or when multiple
images are involved [23, 30, 31], visual tokens often sig-
nificantly outnumber text tokens, leading to poor inference
efficiency [20, 60].

To address this issue, our work focuses on visual token
compression, with the aim of reducing the number of vi-
sual tokens to accelerate inference while preserving task
performance. We introduce a lightweight compressor mod-
ule, placed between the alignment module and the LLM. It
takes as input both aligned visual and text tokens, and out-
puts retention probabilities to select informative and non-
redundant visual tokens. This design ensures full compat-
ibility with existing MLLM pipelines without any modifi-
cation or fine-tuning of the visual encoder, the alignment
module, or the LLM itself, and enables plug-and-play de-
ployment.

3.2. Label Construction for Visual Token Compres-
sion

Training a high-quality visual token compressor requires
reliable supervision. However, standard vision-language
datasets lack token-level importance labels. In this regard,
we propose a search-based labeling strategy using an evolu-
tionary algorithm [12, 41, 43] to generate token retention
labels that are directly aligned with the MLLM’s output
loss. It also provides great flexibility, allowing various con-
straints on the supervision and adapting to different datasets
and models without the need for backpropagation.

Given a pretrained MLLM, the supervision signals for
compressor training can be constructed using either its
instruction-tuning datasets [30, 31] or task-specific super-
vision datasets reflecting realistic use cases. For each sam-
ple, let V. = {v;}7_, and T = {¢;}}, denote the aligned
visual and text token embeddings (including both the input
and the gold-standard response), respectively. The objective
is to find a binary mask m € {0,1}" that indicates which



Figure 2. An example of semantic grouping result. Three repre-
sentative subsets of visual tokens and their corresponding nearest
vocabulary tokens are illustrated.

visual tokens to retain, so that the resulting task-specific loss
L(m) computed on the response tokens is minimized when
the LLM receives the selected visual tokens and the full in-
put text tokens. This aligns token selection directly with
output quality, rather than relying on proxy metrics alone,
such as attention or similarity.

To avoid selecting semantically redundant tokens, a con-
straint is imposed on the search space. We introduce a se-
mantic grouping strategy that groups visual tokens based
on semantic similarity, and enforce one selection per group.
This encourages diversity and significantly reduces the size
of the search space, as the evolutionary process does not
need to make independent decisions for every token.

For clustering of visual tokens, LLM vocabulary embed-
dings E = {e;}$_; can serve as semantically meaningful
anchors, since visual tokens typically cluster around rele-
vant embeddings in F and those that are closest to the same
e; are semantically similar [27, 40]. Hence, we propose
to measure the cosine similarity between the visual tokens
and the vocabulary embeddings and group the visual tokens
that share the same nearest e; into subsets. Specifically, let
Sij = HUT\ZW denote the cosine similarity between v;
and e;. Then, two visual tokens v; and vy, are grouped into
one subset if and only if

argmax Sy (1)
J

= arg max Sy;.
J

According to this principle, the set V' can be partitioned
into disjoint subsets

Vj:{vi{7vi32'7'”71}7‘,-31]_}7-]':1727"'757 (2)

where n; is the size of Vi, zi (k = 1,2,--- ,n;) is the
index of v (the k-th visual token of V'7) in the original
V, and s < c is the number of subsets. An example
of a semantic grouping result is shown in Figure 2. For
each V7, we search for a binary mask m’ € {0,1}"
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with a single 1 in it, indicating which token to retain.
These sub-masks are combined to form a global mask
m = [m!,m? ... m?] over all visual tokens.

Within this structured search space, we first randomly
initialize a population of candidate masks M = {m;}_,
with population size ¢, and evaluate these candidates by
computing the losses {£(m;)}7_; of the LLM. This eval-
uation step can be efficiently parallehzed, as each mask
corresponds to an independent inference call. Based
on {L(m;)}!_,, we select the top-p candidates with
the lowest losses to serve as parents P = {m,;, =
[m} ,m? ,--- ,m; |},_, for the next generation. The
new candidate masks are then generated through two stan-
dard genetic operators:

* Crossover: Given a mask m;, = [m;, ,mZ ,--- ,mj ],

crossover is performed with probability 0.9. If crossover

is triggered, another mask m;, = [mlj m2 - m; ]

is sampled from the parents, and a new Chl]d mask
2 2]+1

m = fmlml, o m i my ] s

generated by taking the first half of sub masks from m;,
and the second half from m;;, .

Mutation: Given a mask m;, = [m} ,m? ,--- ,m3 ],
mutation is performed with probability 0.2 for each sub-
mask m . If mutation is triggered, the 1 in m is ran-

domly shlfted to the left or right by one posmon

After obtaining g new candidate masks through crossover
and mutation, we evaluate their losses using the same paral-
lel inference strategy as before. Thus, high-loss parents are
replaced with improved candidates.

At the end of L iterations, the candidate with the lowest
loss is selected as the supervision label for the current train-
ing sample. The evolutionary labeling algorithm is sum-
marized in Algorithm 1. In our experiments, the popula-
tion size ¢ is 48, the number of parents p is 12, and the
number of iterations L is 10. Mask evaluation can be per-
formed in batches. As samples are processed independently,
the search scales well across GPUs, reducing the wall-clock
time required over large-scale datasets.

3.3. Supervised Learning for Visual Token Com-
pression

With supervision signals obtained via evolutionary labeling,
we can train the compressor to predict, for each visual to-
ken, whether it should be retained or not. A critical chal-
lenge is the presence of severe imbalances in both class dis-
tributions and difficulty levels, analogous to the foreground-
background classification in object detection [21, 28]. On
the one hand, since visual representations contain signifi-
cant redundancy, only a small number of visual tokens are
labeled as “positive”, i.e., should be retained, while the vast
majority are redundant or background-like “negative” to-
kens. As a result, a large number of tokens are trivially
easy to classify. However, there are also many tokens that



Algorithm 1 Evolutionary Labeling for Visual Token Com-
pression

Input: Visual tokens V'; Text tokens T'; Vocabulary embeddings
E; Pretrained LLM; Population size ¢; Number of parents p;
Number of iterations L;

Output: Binary mask m™ indicating selected visual tokens;

1: Partition V into subsets {V7}$_, according to Eq. (1);

2: Randomly initialize a population of binary masks M 0 =
{m; = [m},m? - ,mi]}L,, s.t, each m? is one-hot;

3: Evaluate task losses {£(m;)}._, for M?) in parallel;

4: Select top-p masks with lowest losses as parents PO,

5: for1 <! < Ldo

6: Initialize a new population M = ;

7. while | M©| < g do

8: Randomly sample a parent 12parenc from pU-b,

9: Generate Mrossover Y performing crossover on Mmparent;
10: Generate Mmutation bY performing mutation on Mcrossover;
11: if M mutation is not in M(®) then
12: Add Mmuaiion to M)

13: Add Mimugation to M D

14: end if

15:  end while

16: Evaluate task losses for M) in parallel;

17:  Select top-p masks from both P and M® with lowest

losses as parents P(l>;
18: end for
19: return m”* = argmin, . pz) £L(m)

are particularly hard to classify because of the high seman-
tic variability of visual tokens. A visual token that is cru-
cial in one image may be irrelevant in many others. Hence,
uniformly treating all tokens can cause the model to bias to-
ward learning from these easy and particularly hard tokens,
thereby reducing training efficiency.

To address such a problem of attribute imbalance, we
adopt the GHM loss [21] for this token classification task.
Specifically, let f,, and gy, be the encoder-only transformer
and the following classifier with parameters ¢ and 1), re-
spectively. The transformer f,, receives V and T' (with-
out the gold-standard response) and outputs visual and
text token representations {h?,--- h® Rt ... Rt} =
fo(V,T). The encoder-only structure uses bidirectional
attention to capture relationships between visual and text to-
kens. The classifier g, is performed on the visual token rep-
resentations to produce retention probabilities {p;}7; =
gy ({h?}7_;). The gradient norm g; is defined as |p; — v/,
where y; € {0, 1} is the ground-truth label. The GHM loss
dynamically adjusts each token’s contribution based on its
gradient density defined as

1

GD(g:) = o > 6e(9k:9);
Y k=1

Le( @

where l.(g;) = min(g; + €/2,1) — max(g; — €/2,0)
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and d.(gx, g;) is an indicator function that is equal to 1 if
gi —€/2 < g < g; + €/2 and to 0 otherwise. Intuitively,
GD(g;) reflects the concentration of tokens whose gradient
norm is close to g;. Then the GHM loss is computed as

1 n
Leam-c(p, ) = - Z %me(gd)(h?)vyi)a 4
i=1 ¢

where ¢(g.(h?),y;) is the binary cross-entropy loss. The
GHM loss is specifically designed to tackle class and
difficulty imbalance problems by down-weighting the
gradient contribution of easy negative and extremely hard
samples.

To further assist the compressor in token classification,
we encourage f,, to learn discriminative representations of
retained and pruned tokens, since gy, performs token clas-
sification based on these representations. To this end, we
incorporate a cosine similarity loss that penalizes the sim-
ilarity between the representations of the retained and dis-
carded tokens. Specifically, let Zp = {i | y; = 0} and
Z; = {j | y; = 1} be the indices of negative and posi-
tive tokens, respectively. Then the cosine similarity loss is
computed as

1

|Zo||Z4]

h? - hY

v v :
iy, TRTT:IRY

Les(p) (%)
The adoption of this loss is closely tied to our label
construction strategy, where each retained visual token
is selected from a cluster of similar candidates while the
remainders are pruned. As a result, these pruned tokens
often share visual features similar to the retained one.
However, the retained token contributes more to main-
taining the accuracy of the MLLM output. Encouraging
the compressor to distinguish informative tokens from
semantically similar ones sharpens the classifier’s decision
boundary and improves overall selection quality [61].

The total loss function used to train the compressor is a
weighted sum of the GHM and cosine similarity losses:

L(p, ) = Leam-c(p, ) + aLes(p), (6)

where « balances the two terms. This combined objective
improves the robustness and convergence behavior of the
classifier and sharpens its decision boundary in dense and
ambiguous regions of the embedding space.

Once trained, the compressor performs token selection
in a single forward pass with negligible overhead. Given a
target compression ratio, we select the top-r visual tokens
with the highest retention probabilities, where r is deter-
mined by the ratio. Moreover, while token selection is com-
pleted before the tokens enter the LLM, the actual pruning
can be flexibly applied at any layer within the LLM. This
allows EvoComp to support early-layer pruning for maxi-
mum speedup or late-layer pruning for better performance,
providing a high degree of flexibility during deployment.



Table 1. Performance of EvoComp and other methods on vision-
language understanding with LLaVA-1.5-7B under different num-
ber of retained tokens.

Table 2. Evaluation of extreme visual token compression for high-
resolution images with LLaVA-NeXT-7B.

Method GQA MMB MMB-CN POPE VQA"? VizWiz| Avg.
Method GQA MMB MMB-CN POPE VQA"? VizWiz| Avg. LLaVA-NeXT-7B Upper Bound, 2880 Tokens (100%)
LLaVA-1.5-7B Upper Bound, 576 Tokens (100%) Vanilla 642 674 60.6 86.5 81.8 57.6 ‘ 100%
Vanilla 619 647  58.1 859 785 500 [100% Retain 160 Tokens (] 94.4%)
Retain 192 Tokens (] 66.7%) FastV 53.5 603 53.1 625 679 50.8 |84.0%
FastV 579 642 575 778 760 512 [96.9% VisionZip 555 60.1 521 748 714 56.1 |88.8%
HiRED 587 62.8 547 828 749  50.1 |96.3% SparseVLM 56.6 61.1 53.8 803 722  51.7 |89.7%
PruMerge 543 59.6 52.9 713 706  50.1 190.7% PyramidDrop 53.0 60.0 53.4 66.4 66.6 512 |84.5%
VisionZip 593 630 574 853 768 517 |98.8% MustDrop 548 617 535 748 715 535 |83.7%
SparseVLM 59.5 64.1 537 853 756 505 |97.4% GlobalCom® 541 591 509 758 700 502 |86.1%
PyramidDrop 573 633 568 823 751 511 |97.0% DART 573 612 526 772 736 528 |89.6%
MustDrop 582 623 558 826 760 514 |97.0% DART (I = 0) 548 562 478 687 683 500 |82.9%
DART 60.0 63.6 57.0 82.8 767 512 198.3% EvoComp (I =0) 59.5 62.7 55.8 78.1 745 53.9 192.1%
DART (I = 0) 571 59.9 536 784 732 517 |94.2%
EvoComp (I = 0) 59.7 634 561 850 766 523 |98.7% . . -
EvoComp (I —2) 60.8 642 572 841 774  5L7 |993% Table 3. Evaluation of token selection transferability from LLaVA-
- 1.5-7B to LLaVA-1.5-13B. The results of EvoComp are based on
Retain 128 Tokens (] 77.8%) .
Fasty 550 637 36.6 720 733 514 [944% the transferred setting, whereas those of the other methods are de-
HiRED 572 615 536 798 734 513 |94.8% rived from LLaVA-1.5-13B itself.
PruMerge 533 581 517 672 688 503 |88.6%
VisionZip 576 620 569 832 756 521 |97.4% [Z—
Method GQA MMB MMB-CN POPE VQA"? VizWiz| Avg.
SparseVLM 584 645 511 850 738 514 |963% o Q Q izWiz| Avg
PyramidDrop 571 61.6 566 823 729 510 |959% LLaVA-1.5-13B Upper Bound, 576 Tokens (100%)
MustDrop 569 611 552 787 746 521 [95.4% Vanilla 632 677 636 859 800 536 [100%
DART 587 632 575  80.1 759 517 |97.5% Retain 64 Tokens (] 88.9%)
DART (I = 0) 555 573 519 740 709 514 |91.1% FastV 558 647  60.1 694 712 551 |91.8%
EvoComp (I = 0) 58.6 63.1  56.1 832 753 527 |97.8% VisionZip 562 649 611 760 737 534 |93.5%
EvoComp (I =2) 59.5 631 57.1 820 761 517 |98.0% SparseVLM 556 627 588 761 713 509 |91.0%
Retain 64 Tokens (| 88.9%) PyramidDrop 53.5 60.8 53.0 69.8 69.0 469 |85.5%
FastV 51.6 61.0 528 396 665 514 [87.6% MustDrop 53,5 63.0 57.9 65.8  70.0 52.7 |88.5%
HiRED 546 602 514 736 697 50.2 190.8% DART 57.1 65.5 61.0 75.6 73.6 54.6 |94.1%
PruMerge 519 553 49.1 653 674 50.1 |86.0% DART (I = 0) 542 60.7 57.2 744  69.1 51.8 |89.2%
VisionZip 551 60.1 553 770 724 53.0 |94.2% EvoComp (1 =0) 565 668 602 765 730 525 |93.5%
SparseVLM 53.8 60.1 461 775 682 501 |89.4% EvoComp (I =2) 583 655 608 769 739 535 |944%
PyramidDrop 475 588 505 559 692 507 [84.9%
MustD 531 60.0 531  68.0 693 512 |90.0% . .
DX;T rop 550 606 532 739 724 516 |92 8‘%‘; classifier. The transformer structure mirrors that of the LLM
DART(I=0) 525 526 454 657 669 505 |84.5% layer in the corresponding MLLM with two distinctions: 1)
EvoComp (I =0) 56.1 619 551 782 720 527 |94.9% causal attention is replaced with bidirectional attention, and
EvoComp (I =2) 569 619 537 760 726 512 |93.9%

4. Experiments

In this section, we evaluate the effectiveness and efficiency
of EvoComp in visual token compression for MLLMs. We
have conducted extensive experiments on various vision-
language understanding benchmarks and target MLLMs.
Our evaluations focus on assessing task accuracy under var-
ious compression ratios, measuring inference speedup on
both GPU and edge NPU devices, and understanding the
component contributions via ablation studies.

4.1. Implementation Details

Target and Compression Models. We evaluate Evo-
Comp on the widely used MLLMs, including LLaVA-1.5-
7B/13B [30], LLaVA-NeXT-7B [31], and Qwen2.5-VL-
7B [3]. The latter two are used to validate visual token
compression for high-resolution images. The compressor
consists of a single-layer transformer followed by a linear
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2) a skip connection is incorporated to facilitate a direct link
from the input to the output.

Training and Evaluation Datasets. For label construc-
tion and compressor training, we use a subset of the
LLaVA-1.5 instruction-tuning mixture dataset [30]. For
each target MLLM, we have constructed a labeled dataset
to train their corresponding compressor. More training
details can be found in Appendix A. For evaluation, we
adopt six standard vision-language benchmarks, includ-
ing GQA [17], MMBench/MMBench-CN (MMB/MMB-
CN) [35], POPE [25], VQAv2 (VQA'?) [13], and
VizWiz [15]. Additional details can be found in Ap-

pendix B.
Baselines. We compare EvoComp with several pow-
erful visual token compression methods, including

attention-based token importance estimation (FastV [5],
HiRED [2], GlobalCom? [34]), similarity-based fil-
tering (PruMerge [45], VisionZip [55], DART [51]),
and text-conditioned token selection (SparseVLM [59],
PyramidDrop [53], MustDrop [33]).



== No Compression
~e~ DART (I=0)

EvoComp (/= 0) Transferred
=4~ EvoComp (/=0)

~ = No Compression
~e~ DART (/=0)
EvoComp (/=0) Transferred
4~ _ = EvoComp (/=0)
-

o
=}

85

%
©

w
©

~ NS
.——__ S
-
o N
N
~
S
(S
~
SN
~

e
80.0%

®
w

o
S
Performance

Performance
o]
N

e

o
=)

55 81

54
60.0% 66.7% 70.0% 77.8%

Compression Rate

(a) GQA

80.0% 60.0% 66.7% 70.0% 77.8%

Compression Rate

(b) POPE

Figure 3. Evaluation of compressor transferability from LLaVA-
1.5-7B to Qwen2.5-VL-7B.

4.2. Main Results

Evaluation of Supervised Learning for Visual Token
Compression. We evaluate EvoComp on various vision-
language understanding tasks with LLaVA-1.5-7B and
LLaVA-NeXT-7B. To illustrate the effectiveness and flex-
ibility of EvoComp, we have evaluated two token compres-
sion strategies: before the LLM (EvoComp (I = 0)) and
after its second transformer layer (EvoComp (I = 2)). As
shown in Table 1 and Table 2, EvoComp consistently out-
performs other competitors on average with multiple token
retention ratios. When dropping 88.9% of the visual to-
kens, EvoComp maintains strong performance with only
5.1% accuracy loss for LLaVA-1.5-7B. Even under an ex-
treme 18x compression ratio, EvoComp maintains 92.1% of
the baseline accuracy for LLaVA-NeXT-7B. These results
highlight the effectiveness of evolutionary labeling and su-
pervised training in selecting informative and diverse tokens
for accurate multimodal inference. The tokens selected by
EvoComp are visualized in Appendix D.

Moreover, EvoComp (I = 0) achieves a comparable or
even better accuracy than EvoComp (I = 2) and other meth-
ods that prune tokens within intermediate LLM layers. Also
notable is that it outperforms DART with tokens dropped
prior to LLM inference (DART (I = 0)) by a large mar-
gin. By decoupling token compression from the LLM inter-
nals, EvoComp enables a plug-and-play compression mod-
ule compatible with off-the-shelf LLMs and supports de-
ployment flexibility across hardware platforms, where fine-
grained control over LLM layers may not be feasible.
Transferability of Visual Token Selection across
MLLMs. To reduce system complexity and enable
scalable deployment across different model scales, we
investigate whether visual tokens selected using a smaller
MLLM can be reused by a larger one within the same
family. Specifically, we leverage both the visual tokens pro-
duced by LLaVA-1.5-7B and the token selection decisions
made by the compressor trained on LLaVA-1.5-7B and
apply the same selected token indices to LLaVA-1.5-13B
for inference. As illustrated in Table 3, this selection
strategy remains highly effective, demonstrating that
visual token importance and diversity evaluation can be
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Figure 4. Speed-performance of LLaVA-NeXT-7B enabled by vi-
sual token compression on POPE.

largely decoupled from specific downstream MLLMs.
This indicates that our compressor captures intrinsic visual
semantics that generalize across model scales. This also
opens up opportunities where visual token selection can
be performed by a lightweight MLLM with a learned
compressor and reused by larger MLLM:s.

Transferability of Compressor across MLLMs. To ex-
amine the transferability of the compressor between het-
erogeneous MLLMs, we apply the compressor trained on
LLaVA-1.5-7B directly to Qwen2.5-VL-7B without any
fine-tuning (EvoComp (I = 0) Transferred). Since the vi-
sual and text token embeddings produced by the two mod-
els have different hidden dimensions, we apply adaptive
average pooling to the input embeddings of the compres-
sor, enabling it to operate on variable-sized feature vec-
tors across different models. We also train a compressor
for Qwen2.5-VL-7B model and test the results for com-
parison with the transferred outcomes. As illustrated in
Figure 3, the transferred compressor remains highly effec-
tive when applied to Qwen2.5-VL-7B. EvoComp achieves
competitive performance across various compression ratios.
Even without any retraining on the target model, EvoComp
demonstrates competitive accuracy, underscoring its robust-
ness and generality. This suggests that the token selection
learned by EvoComp captures semantic and task-relevant
structures that generalize across different model configura-
tions, making it practical for plug-and-play deployment.

Inference Speedup on NVIDIA GPUs. To assess the in-
ference acceleration enabled by visual token compression,
we benchmark LLaVA-NeXT-7B on POPE using an A100-
80G GPU. Figure 4 illustrates the trade-off between task ac-
curacy and LLM prefill latency (including token selection)
under different compression ratios. EvoComp achieves bet-
ter accuracy than other methods at each latency level. Com-
pared with the uncompressed setting, where the prefill la-
tency and total runtime are 175 ms and 246 ms, respectively,
EvoComp reduces them to 43 ms and 93 ms, achieving 4.1x
speedup in prefill and 2.6x overall acceleration. Our prun-
ing strategy allows the LLM to run with a shorter sequence



Table 4. Latency evaluation of the compressor and LLaVA-1.5-7B
on a smartphone.

Table 5. Ablation study on vision-language understanding using
LLaVA-1.5-7B.

# Retained Visual Tokens 576 192 128 64 Method MMB MMB-CN
Visual Encoding (ms) 220 220 218 218 Retained Tokens 128 64 128 64
Compression (ms) ; 121 121 121 Random Labeling 60.3 584 548 518
LLM Prefill (ms) 853 310 309 156 EvoComp w/ DPC-KNN 61.3 584 552 522
LLM Decoding (ms) 81 75 75 74 EvoComp w/o text input 613 60.0 562 53.7
Total (ms) 1154 726 723 569 EvoComp w/ Lcg + Lcs 624 59.1 54.1 50.0
EvoComp w/ Lgam.c only 63.1 604 559 513
Speed 1.0 l.6x 1l.6x 20

peedup XOX % EvoComp w/ Lt + Los 629 605 559 50.9
EvoComp w/ Lcg only 60.6 562 512 413

from the very first layer, without requiring any dynamic EvoComp 63.1 619 56.1 551

adjustment during inference. These results highlight Evo-
Comp’s ability to combine high accuracy under aggressive
compression with practical latency gains.

Inference Speedup on Mobile Devices. Accelerating
large model inference is especially critical on resource-
constrained edge devices. To further assess the practical
benefits of visual token compression, we deploy LLaVA-
1.5-7B and its compressor on a smartphone equipped with a
dedicated NPU, following standard on-device optimization
and compilation procedures (see Appendix C for details).
We use the GQA example and apply EvoComp to reduce
visual tokens to fixed lengths of 192, 128, and 64. As shown
in Table 4, compression yields up to 2.0x speedup in total
latency and 2.2x acceleration in the combined time of visual
encoding, token compression and LLM prefill, leading to a
significant reduction of the Time-To-First-Token (TTFT).

4.3. Ablation Studies

To better understand the contributions of different compo-
nents in EvoComp, we perform a series of ablation studies
on LLaVA-1.5-7B using MMB and MMB-CN. The results
are reported in Table 5.

Label Quality Analysis. We first examine the benefit of
our evolutionary labeling strategy by comparing EvoComp
against 1) Random Labeling: employing the same seman-
tic grouping strategy while randomly selecting one token
per group to be retained; 2) EvoComp w/ DPC-KNN: clus-
tering visual tokens utilizing DPC-KNN [10], a k-nearest-
neighbor based density peaks clustering method, and retain-
ing the cluster center tokens. Our search-based labels con-
sistently yield better supervised compressor performance
than random labels as they are directly optimized for the
final task loss. The labels constructed by DPC-KNN outper-
form random labels but still underperform compared to our
evolutionary search strategy with semantic grouping. More-
over, unlike DPC-KNN, our grouping strategy avoids extra
hyperparameters (e.g., number of neighbors and clusters)
that are difficult to tune and can introduce tuning bias.
Impact of Textual Context. We also examine the role of
textual information in visual token compression by evalu-
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ating EvoComp w/o text input where the compressor takes
visual tokens as the only input during both training and in-
ference. It shows that removing text input degrades per-
formance, indicating that the text prompt provides valu-
able context for identifying task-relevant visual tokens. Our
compressor, equipped with bidirectional attention, effec-
tively models the interaction between visual and textual
modalities and identifies visual tokens that are not only indi-
vidually informative but also relevant to the specific prompt.
Impact of Loss Functions. We further evaluate the con-
tributions of the two losses by testing the model under dif-
ferent loss configurations: 1) replacing the GHM loss with
cross-entropy loss (EvoComp w/ Lcg + Lcs); 2) removing
the cosine similarity loss (EvoComp w/ Lgau.c only); 3)
replacing the GHM loss with focal loss [28] (EvoComp w/
Lrr + Lcs); 4) training the compressor solely with cross-
entropy loss (EvoComp w/ Lcg only). The results in Ta-
ble 5 show that removing either Lggm.c or Lcs leads to
performance degradation, with the absence of Lggwm.c hav-
ing a larger negative impact. For Lgy, that is designed
for imbalance-aware learning, while performing better than
Lcg, it still falls short of the performance achieved by
Lgam-c. These results illustrate that both Lgam.c and Lcs
are instrumental in the training of an effective compressor.

5. Conclusion

In this paper, we propose EvoComp, a novel framework
for visual token compression in MLLMs. EvoComp uses
a lightweight compressor conditioned on both visual and
textual input to retain informative and diverse tokens. Su-
pervised by labels generated through evolutionary search,
the compressor learns to align token selection with task rel-
evance while eliminating redundancy. To address training
challenges, we have designed a loss that combines GHM
and cosine similarity regularization. Experiments show that
EvoComp achieves superior compression accuracy and sig-
nificant inference speedups across models and platforms,
with strong deployment flexibility.
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