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Abstract

Vision-Language Models (VLMs) achieve
strong multimodal understanding but suffer
from high inference costs due to redundant vi-
sion tokens. Existing hard-pruning methods
discard low-scoring tokens directly, inevitably
sacrificing fine-grained visual context. We pro-
pose SPack, a training-free token compression
method that reframes pruning as information-
energy redistribution rather than deletion. In-
stead of discarding pruned tokens, SPack trans-
fers their semantic mass to retained tokens, en-
forcing a global principle we term Informa-
tion Energy Conservation (IEC): the total
information contained in redundant tokens is
strictly conserved and fully transferred as in-
formation gain to the retained components. To
realize this conservation, we introduce Optimal
Transport (OT) theory, which treats removed
energy as mass density and retained tokens as
receiver slots. Solving the optimal transport
plan under the Wasserstein distance yields a
minimum-cost mapping that precisely transfers
geometric structure and higher-order moments
according to semantic affinity. Concretely, we
estimate token importance via relation atten-
tion, semantic affinity, and value-space energy,
then adaptively route pruned tokens to multi-
ple retained tokens using OT, producing hyper-
dense tokens that preserve both local seman-
tics and global context. Extensive experiments
demonstrate that SPack consistently achieves
a superior accuracy-efficiency trade-off com-
pared to state-of-the-art methods.

1 Introduction

Vision-language models (VLMs) have achieved
impressive progress in visual instruction follow-
ing, image understanding, and multimodal reason-
ing (Liu et al., 2023; Tong et al., 2024; Meng et al.,
2025; Li et al., 2025b; Tang et al., 2026). A com-
mon paradigm is to encode visual inputs into a se-
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Figure 1: Comparison of traditional token pruning and
our SPack. Unlike discard-or-merge strategies that lose
or distort information, SPack redistributes redundant
information energy to retained tokens via OT-based con-
servation mapping.

quence of visual tokens and feed them into the lan-
guage model together with textual instructions (Dai
et al., 2023; Liu et al., 2024a; Chen et al., 2024b;
Wang et al., 2024; Liu et al., 2026). While effective,
this design introduces substantial computational
overhead. In particular, high-resolution images in-
puts often contain hundreds or thousands of visual
tokens, resulting in substantial computational and
memory cost (Chen et al., 2024a; Dong et al., 2026;
Tong et al., 2026). Therefore, reducing redundant
visual tokens has become an important direction
for efficient VLM inference.

Recent studies have focused on accelerating
the inference of VLMs by reducing visual tokens
while preserving essential information. For in-
stance, FastV observes that visual tokens can be
aggressively reduced after early Large Language
Model (LLM) layers (Chen et al., 2024a). LLaVA-
PruMerge merges redundant visual tokens through
adaptive token reduction (Shang et al., 2025). Spar-
se VLM performs text-guided visual token sparsifi-
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cation (Zhang et al., 2024b), while PDrop removes
visual redundancy in a pyramid manner (Xing et al.,
2025). VisionZip further shows that long visual to-
ken sequences are often unnecessary for maintain-
ing strong performance (Yang et al., 2025). More
recent methods investigate spatial-temporal token
trimming (Zhuang et al., 2025), recoverable token
compression guided by text (Chen et al., 2025b),
visual token withdrawal (Lin et al., 2025), CLS-
attention-based pruning (Zhang et al., 2024a), and
multimodal coverage maximization (Dong et al.,
2026). These studies demonstrate that visual redun-
dancy is widespread in VLMs and can be exploited
for acceleration.

Despite their effectiveness, most existing meth-
ods still treat pruning primarily as a deletion or
selection problem. Tokens with low importance
scores are removed, while the retained tokens are
expected to implicitly preserve the necessary in-
formation. However, this deletion-centric view
leaves a fundamental question unanswered: where
does the information carried by removed tokens
go? Even tokens regarded as redundant may con-
tain non-zero semantic, spatial, or contextual in-
formation. Directly discarding them can break the
global information budget of the visual representa-
tion, especially under aggressive token reduction.
Recent analyses further suggest that visual redun-
dancy emerges dynamically through inter-token in-
teractions and information flow across layers (Tong
et al., 2026), indicating that redundancy should be
understood as a redistribution phenomenon rather
than an isolated token property.

In this paper, we rethink VLM token pruning
from the perspective of Information Energy Conser-
vation, as illustrated in Fig. 1. Rather than simply
deleting redundant visual tokens, we view prun-
ing as a conservation-aware redistribution process,
where the information carried by removed tokens
is transferred to retained tokens to increase their
information density and preserve useful visual se-
mantics. To realize this idea, we formulate prun-
ing as an Optimal Transport (OT) problem (Villani
et al., 2009; Cuturi, 2013): removed tokens are
treated as source mass, retained tokens as receiving
slots, and semantic-geometric distances define the
transport cost. The resulting Wasserstein transport
plan provides an explicit minimum-cost mapping
from removed tokens to retained tokens, preserving
the total information energy while maintaining to-
ken geometry and reducing destructive information
loss. Our contributions are summarized as follows:

* We propose an Information Energy Conser-
vation perspective for VLM token pruning,
viewing pruning as information energy redis-
tribution from removed tokens to retained to-
kens rather than simple token deletion.

* We formulate conservation-aware visual to-
ken pruning as an Optimal Transport problem,
establishing a minimum-cost mapping from
removed tokens to retained tokens.

» Extensive experiments show that the proposed
method improves inference efficiency while
preserving strong multimodal performance un-
der aggressive token reduction.

2 Related Work
2.1 Vision-language Models.

Recent VLMs typically connect visual encoders
with large language models by converting images
into sequences of visual tokens. LLaVA demon-
strates that CLIP visual features can be effectively
aligned with an LLM through a lightweight pro-
jector and visual instruction tuning (Liu et al.,
2023, 2024a). InstructBLIP improves instruction-
following ability by using instruction-aware Q-
Former queries to extract task-relevant visual fea-
tures from frozen image encoders (Dai et al., 2023).
InternVL scales open-source multimodal models
with strong visual encoders and progressive vision-
language alignment, while InternVL3 further ad-
vances this line through native multimodal pre-
training and improved test-time recipes (Chen et al.,
2024c; Zhu et al., 2025). Qwen2-VL and Qwen2.5-
VL enhance dynamic-resolution perception, docu-
ment understanding, object localization, and long-
video comprehension, making them strong general-
purpose VLM backbones (Wang et al., 2024; Bai
et al., 2025). Despite their strong performance,
these models still rely on dense visual token se-
quences, which makes token efficiency a central
challenge for practical deployment.

2.2 Vision Token Compression.

The large number of visual tokens in modern
VLMs introduces substantial computational over-
head, especially during prefilling. Existing meth-
ods prune, merge, or sparsify visual tokens at dif-
ferent stages: FastV removes tokens after early
LLM layers (Chen et al., 2024a); LLaVA-PruMerge
adaptively reduces tokens via pruning and merg-
ing (Shang et al., 2025); SparseVLM performs
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text-guided sparsification (Zhang et al., 2024b);
PyramidDrop progressively removes redundancy
across layers (Xing et al., 2024); VisionZip ex-
ploits that long visual sequences are often un-
necessary (Yang et al., 2025); and recent works
further improve adaptability: V?Drop removes
low-variation tokens during inference (Chen et al.,
2025a). MMTOK (Dong et al., 2026) leverage
both vision and text tokens to select informative
vision tokens by the coverage criterion. FlowCut
studies redundancy through layer-wise information
flow (Tong et al., 2026). We position SPack within
the broader context of efficient VLM inference. Un-
like SCBench (Li et al., 2025a) and OmniKV (Hao
et al., 2025), which optimize KV caches or dy-
namically select contexts, SPack operates at the
visual-token level prior to cache generation and re-
distributes information rather than merely selecting
tokens. Although these methods reveal substantial
visual redundancy, most follow a hard selection
paradigm where discarded tokens no longer con-
tribute to subsequent reasoning. In contrast, SPack
treats pruned tokens as reusable semantic mass and
redistributes their information into retained tokens,
yielding hyper-dense visual representations rather
than merely shortening the token sequence.

3 Methodology

Overview. SPack compresses visual tokens by pre-
serving and redistributing useful semantic informa-
tion rather than simply removing redundant tokens.
As shown in Fig. 2, SPack first estimates token en-
ergy from global attention, semantic relevance, and
representation density, and then transfers informa-
tion from pruned tokens to retained tokens via an
optimal-transport-inspired mapping. To ensure sta-
ble and adaptive compression, SPack further com-
bines cumulative energy tracking, entropy-based
budget allocation, and semantic packing to enhance
both retained patch tokens and the CLS token.

3.1 Problem Formulation

Given an input image /, a vision encoder first con-
verts it into a sequence of visual tokens X" =
X0, %0, xQ] € ROVFDXA where x de-
notes the global token and N is the number of
patch tokens. The visual tokens are then projected
into the language embedding space and concate-
nated with textual tokens for multimodal reasoning.
Since the self-attention cost grows quadratically

with sequence length, reducing N is essential for

efficient inference.

The goal of SPack is to compress the visual se-
quence from N tokens to K tokens, where K <
N, while preserving the information required by
downstream reasoning. Different from hard prun-
ing, which directly removes low-scoring tokens,
SPack assumes that a removed token may still con-
tain non-zero semantic information. Therefore, the
compression objective is not only to select impor-
tant tokens, but also to transfer useful information
from pruned tokens to retained tokens:

XLt = [Xés,le, .. ,x%],

< _ ey

X = [iclmila e ,XK].

Here, X is expected to be shorter but denser: each
retained token should encode both its own infor-
mation and the redistributed information from re-
moved tokens.

3.2 Information Energy Conservation

We introduce the principle of Information Energy
Conservation. Let KC and P denote the retained
and pruned token sets, respectively. For each token
X;, we define an information energy score F; that
measures its contribution to global perception and
multimodal reasoning. A conventional pruning
method keeps K and discards P:

X = {x; |i€K}. 2)

This implicitly assumes F; ~ 0 for all ¢+ € P,
which is often too strong under aggressive com-
pression. SPack instead enforces the following
conservation constraint:

Y Eix> AE;, 3)

1€P jex

where AE); is the information gain injected into
retained token x;. This formulation transforms
visual token compression from a deletion problem
into an information redistribution problem. The
retained tokens are not merely selected tokens; they
are semantic carriers that absorb useful information
from the removed tokens.

3.3 Multi-Criteria Energy Estimation

SPack estimates token energy using three comple-
mentary signals: global attention, semantic rel-
evance, and representation density. At a vision
encoder layer /, let A’ be the multi-head self-
attention matrix. We average attention over heads
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Figure 2: Overview of SPack, a training-free token compression framework for VLMs that scores visual tokens,
adaptively separates retained and redundant tokens, and uses optimal transport to redistribute redundant semantic
information into compact retained tokens. By conserving information-energy across token-to-token transfer and
CLS enhancement, SPack achieves higher inference efficiency while preserving visual-semantic structure and

downstream accuracy.

and use the CLS token as a global information

probe:
i H Z cls )

where H is the number of attention heads. The at-
tention term measures how much each patch token
contributes to the global visual representation.
Attention alone can be noisy, so we further com-
pute semantic relevance in the value space. Let
v, and v{ denote the value vectors of the CLS
token and patch token ¢. The semantic relevance is

computed as

4

V(lils)Tvze> ] (5)

¢ (
s; = Softmax
( Vd

Finally, we use the value norm to estimate repre-
sentation density:

(6)

¢ ?
e; = |[vill2-

The intuition is that a token with a larger value
norm can contribute more strongly to the attention
output and thus carries richer representational en-

ergy.
We normalize these terms into distributions:
pézL t€{a,s,e}. (7)
1 Z] tj + 6’ 39

These normalized distributions provide different
views of token importance: p® captures global de-
pendency, p°® captures semantic alignment, and p°
captures information density.

3.4 Optimal-Transport Energy Mapping

SPack redistributes token energy with a Wasser-
stein optimal-transport mapping before pruning.
We treat the normalized value norm p° as infor-
mation mass, and define the ground cost between
source token j and receiver token ¢ using global
attention and semantic relevance:

J:|pg_p§|' ®)

The corresponding Wasserstein objective is
%% IT;;C;5 9
o) = i) 2 MGy O

where U(u, v) is the set of couplings with pre-
scribed marginals. For efficient inference, we use
an entropy-regularized, row-normalized approxi-
mation:

exp(—)\CZ-j)
Sopexp(—ACy) + €’

where A = 5 in our implementation. This kernel
assigns larger transport weights to token pairs with
lower semantic-attention cost, approximating the
minimum-cost Wasserstein flow without iterative
solving. The redistributed value energy is com-

puted as
B =) Ty
J

We combine this transported mass with the original
value energy:

Ti; = (10)

(11

_ i+ gi

= 12
<_2ij+6 (12)
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The final conservation-aware score is then
ri

T =
! ZjTj—l-G

ri = (0 + pi)di, (13)

This score favors tokens that are globally attended,
semantically aligned, and capable of carrying re-
distributed value energy.

3.5 Cumulative Energy Tracking

Layer-wise token scores can fluctuate due to local
attention noise. Making pruning decisions from
a single layer may therefore remove tokens that
become important in later layers. To stabilize the
selection, SPack maintains a cumulative energy
score:
R’ = R + (1 — po)rt (14)
Here, r’ is the current conservation-aware score,
and p, is a momentum coefficient. We use a larger
momentum in deeper layers because deeper rep-
resentations are more semantically stable. This
cumulative mechanism allows SPack to preserve
tokens that are consistently informative across lay-
ers rather than only salient at a single layer.
When tokens are pruned, the cumulative score is
gathered according to the retained indices:
R’ + Gather(R", KY). (15)
Thus, score tracking remains aligned with the dy-
namically shortened token sequence.

3.6 Adaptive Token Budget Allocation

Instead of pruning a fixed number of tokens at ev-
ery layer, SPack adaptively determines the pruning
amount according to the concentration of global
attention. Given normalized CLS attention p%, we
compute its entropy:

H(p") ==Y _pilog(p} +¢).  (16)
i
The normalized entropy ratio is
H(p*)
= ) 17
PH= T0a N (17)

When py is high, attention is diffuse and the model
has not yet formed a clear concentration pattern,
so SPack prunes conservatively. When pg is low,
attention is concentrated on a smaller set of tokens,
indicating stronger redundancy. Given target token

number K and remaining pruning layers L,, the
number of tokens to prune is

e _
P* = round <N\/L7K(1 - p%)) . (18)

The retained token set is selected by top-K* cumu-
lative scores:
K* = TopK(Rf, Nt — PY), (19)

The selected indices are sorted to preserve the orig-
inal spatial order.

3.7 Semantic Packing of Pruned Tokens

After token selection, SPack performs semantic
packing to inject information from pruned tokens
into retained ones. Let Xf% and X% denote retained
and pruned patch tokens. We first compute the
average attention mass of pruned tokens:

1
mh = =3 al.
71 2

(20)

Then we compute a soft assignment over retained
tokens:

¢
. exp(Mean(x)) ek @
7 3 pex exp(Mean(x))
The retained token is updated by
%) = x! (14 ampur) (22)

where « is a small transfer coefficient. This multi-
plicative update increases the information density
of retained tokens while keeping their semantic
direction stable.

We also inject a compact summary of pruned
tokens into the CLS token:

1
Xp = i1 D% (23)
Plic
%h, = xbs (14 Bo(I%p]2)) . 24)

where (3 controls the CLS enhancement strength.
Since the CLS token serves as a global visual sum-
mary, this update helps preserve information that
is difficult to assign to a single retained patch.
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3.8 Spatial Order Preservation for
High-Resolution Inputs

For high-resolution inputs, VLMs such as LLaVA-
NeXT split an image into multiple local patches
and later merge them according to their spatial lay-
out. Direct token pruning may disturb this lay-
out. SPack therefore tracks the original indices of
retained tokens throughout pruning. After com-
pression, the retained features are restored to their
original grid positions, and invalid or padded re-
gions are removed according to the image aspect
ratio. This step preserves compatibility with spatial
patch merging and prevents the language model
from receiving disordered visual evidence.

Formally, for retained indices K, we construct
a binary mask M € {0, 1}7*W over the original
visual grid:

1, iek,

M; = .
0, otherwise.

(25)

The compressed features are then reordered by
scanning the valid grid positions. This ensures that
SPack reduces token count without destroying the
spatial prior expected by the multimodal projector.

4 [Experiments

Experimental Setup. To validate the effective-
ness of SPack, we evaluate it on several pub-
lic LVLMs, including LLaVA-1.5-7B, its high-
resolution variant LLaVA-NeXT-7B (Liu et al.,
2023, 2024a), and the more advanced Qwen2-VL
model (Wang et al., 2024) for image-based rea-
soning tasks, demonstrating the generality of our
approach. These models are evaluated across mul-
tiple benchmarks under various token reduction
ratios. The datasets we use include GQA (Hud-
son and Manning, 2019), MMBench (Liu et al.,
2024b), MME (Fu et al., 2026), POPE (Li et al.,
2023), ScienceQA (Lu et al., 2022), VQAv2 (Goyal
et al., 2017), TextVQA (Singh et al., 2019), and
SEEDBench (Li et al., 2024).

Implementation Details. Our technique can be
readily incorporated into existing models in a
training-free manner, consistently delivering im-
proved inference speed. For LLaVA-1.5, token
pruning is performed at the penultimate layer of
the vision encoder. For LLaVA-NeXT and Qwen2-
VL, which generate a substantially larger number
of tokens, pruning is applied from the vision en-
coder up to the second layer of the VLM. In these

Table 1: Performance of SPack on LLaVA-1.5-7B
under different visual token settings. The vanilla
number of visual tokens is 576. The last column is the
average accuracy proportion relative to the upper limit.

Method ‘GQA MMB MME POPE SQA VizWiz SEED‘ Avg.
Upper Bound, 576 Tokens (100%)
‘(}].() 64.7 1862 859 69.5 50.0 59.3

Retain 192 Tokens (| 66.7%)

Vanilla 100.0%

FastV (eccva4) 527 61.2 1612 64.8 67.3 50.8 57.1|90.9%
SparseVLM a5y |57.6 62.5 1721 83.6 68.9 50.5 55.8|96.2%
PDrop (cveres) 57.3 62.9 1766 82.3 68.8 51.1 54.7|96.3%

VisionZip (cverzs)  |59.3 63.0 1778 85.2 68.7 51.2 56.4|97.7%
FlowCut veurtps2s) |59.1 62.9 1821 85.7 68.3 51.5 57.0|98.2%
V2Drop (cveras) 58.5 63.7 1826 85.1 69.3 524 57.2|98.7%
SPack (Ours) 60.2 63.0 1835 86.8 69.7 54.5 58.8 100.4%
Retain 128 Tokens (| 77.8%)

FastV (eccvas) 49.6 56.1 1490 59.6 60.2 51.3 559 |85.7%
SparseVLM acm2s) [ 56.0 60.0 1696 80.5 67.1 51.4 53.4|93.9%
PDrop (cveras) 57.1 61.6 1664 823 68.3 51.0 53.3|94.7%

VisionZip (cverzsy  |57.6 62.0 1759 83.2 68.9 51.6 54.9|96.4%
FlowCut neurtps2sy |57.5 61.8 1778 84.8 68.3 51.9 55.7|96.9%
V2Drop (cverze) 56.3 61.8 1712 80.9 68.8 51.8 54.8|95.4%
SPack (Ours) 58.5 62.1 1781 85.7 69.7 54.8 57.5 98.9%
Retain 64 Tokens (| 88.9%)

FastV (eccvaey 46.1 48.0 1256 48.0 51.1 50.8 51.9|76.4%
SparseVLM acemzsy [ 52.7 56.2 1505 75.1 62.2 50.1 51.1 | 88.0%
PDrop (cveras) 47.5 58.8 1561 55.9 68.6 50.7 40.0 | 83.4%

VisionZip (cverzsy  |55.1 60.1 1687 77.0 69.0 52.8 52.293.6%
FlowCut (Neurtpszsy |54.6 60.4 1728 79.7 68.8 529 53.0 | 94.5%
V2Drop (cver26) 50.5 55.2 1470 75.1 68.9 51.0 51.5|88.8%
SPack (Ours) 55.6 60.2 1718 82.3 70.1 55.6 54.2 96.4%

models, we first prune tokens to twice the desired
count within the vision encoder, then further re-
duce to the final target number at the second LLM
layer. All experiments are carried out on NVIDIA
A6000-48G GPUs.

4.1 Performance on Diverse Tasks

We evaluate the effectiveness of our proposed
SPack across multiple benchmarks, comparing
it against state-of-the-art token pruning meth-
ods including FastV (Chen et al., 2024a), Spar-
seVLM (Zhang et al., 2024b), PDrop (Xing
et al., 2024), VisionZip (Yang et al., 2025), Flow-
Cut (Tong et al., 2026), and V2Drop (Chen et al.,
2025a). All experiments are conducted on LLaVA-
1.5-7B and the high-resolution LLaVA-NeXT-7B
under various token reduction ratios.

Results on LLaVA-1.5-7B. Table 1 reports the
main results on LLaVA-1.5-7B under different vi-
sual token budgets. SPack consistently achieves
the best average performance across all settings,
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Table 2: Comparison on LLaVA-NeXT-7B under dif-
ferent visual token settings. The original number of
visual tokens is 2880. The last column is the average
accuracy proportion relative to the upper bound.

Table 3: Comparison on Qwen2-VL-7B under dif-
ferent visual token reduction settings. The original
number of visual tokens is 576. The last column is the
average accuracy proportion relative to the upper bound.

Method ‘GQA MMB MME POPE VQAY? VQA™! SEED‘ Avg.
Upper Bound, 2880 Tokens (100%)
|642 67.9 1846 864 818 613 63.6100.0%

Retain 640 Tokens (| 77.8%)

Vanilla

SparseVLM | 60.3 65.8 1773 842 77.1 57.8 593 |952%
PDrop 60.6 655 1781 83.7 783 574 60.5|955%
VisionZip 613 66.2 1787 859 79.1 602 609 |97.1%
FlowCut 619 66.7 1837 86.1 79.8 60.6 61.9 | 98.2%

SPack (Ours) 64.1 67.4 1763 88.2 79.7 64.0 575 98.4%
Retain 320 Tokens (| 88.9%)

SparseVLM | 57.7 63.2 1685 822 734 559 569 |91.4%
PDrop 583 639 1736 802 752 553 57.8|92.1%
VisionZip 592 63.1 1702 82.1 762 589 582 |93.3%
FlowCut 59.8 653 1791 834 778 60.1 59.5|957%

SPack (Ours) 63.1 66.7 1774 88.1 785 625 61.7 98.5%
Retain 160 Tokens (] 94.4%)

SparseVLM | 51.2 52.1 1542 727 663 464 492 | 79.8%

PDrop 549 61.8 1513 723 702 5277 539 | 855%
VisionZip 555 60.1 1628 748 714 562 542 |87.7%
FlowCut 57.6 62.8 1746 799 746 576 56.8|92.0%

SPack (Ours) 61.5 64.4 1762 86.8 76.5 58.8 623 96.3%

100.0%
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Figure 3: Performance under extremely low visual token
budgets.

retaining 100.4%, 98.9%, and 96.4% of the upper-
bound performance when keeping 192, 128, and
64 tokens, respectively. SPack remains highly ro-
bust under aggressive compression. With only 64
tokens, it outperforms FlowCut by 1.9 percentage
points on average and achieves the best results on
five of seven benchmarks, including GQA, POPE,
SQA, VizWiz, and SEED. These results show that
SPack preserves task-relevant visual information
while removing redundant tokens, leading to a bet-
ter accuracy than existing methods.

Results on LLaVA-NeXT-7B. Table 2 presents
results on the high-resolution LLaVA-NeXT-7B,
which processes up to 2,880 visual tokens. Under
the 640-token setting with 77.8% reduction, SPack

Method ‘GQA MMB MMB“N MME POPE SQA‘ Avg.
Upper Bound, All Tokens (100%)
Vanilla [61.9 799 795 2338 872 85.1|100.0%
Token Reduction (| 66.7%)
FastV 58.0 76.1 739 2130 82.1 80.0| 93.5%
V2Drop 59.0 787 77.0 2224 87.2 81.6| 97.0%
FlowCut 60.5 79.2 782 2335 86.0 84.0| 98.7%

SPack (Ours) | 61.0 784 77.3 2313 87.9 85.0| 98.9%
Token Reduction (| 77.8%)

FastV 56.7 74.1 724 2031 79.2 78.3| 90.9%
V2Drop 57.8 758 745 2173 85.1 78.9| 95.1%
FlowCut 592 77.8 769 2310 84.6 80.5| 96.7%

SPack (Ours) | 59.7 78.5 77.0 2271 86.6 84.5| 97.9%
Token Reduction (| 88.9%)
FastV 519 70.1 63.8 1962 76.1 75.8| 85.3%
V2Drop 53,5 72.0 705 2080 80.5 74.5| 89.2%
FlowCut 564 726 725 2252 81.8 78.2| 92.5%
SPack (Ours) | 57.1 74.7 752 2168 83.8 82.7| 94.4%

achieves 98.4% relative accuracy, outperforming
FlowCut at 98.2% and VisionZip at 97.1%. Un-
der the 320-token setting with 88.9% reduction,
SPack reaches 98.5% relative accuracy, signifi-
cantly surpassing FlowCut at 95.7% and VisionZip
at 93.3%. Even under the most challenging 160-
token setting with 94.4% reduction, our method
retains 96.3% relative accuracy, substantially out-
performing FlowCut at 92.0%, VisionZip at 87.7%,
and PDrop at 85.5%. Notably, SPack achieves or
exceeds the vanilla upper bound on several bench-
marks including POPE and VQA™*! under moder-
ate reduction ratios.

Results on Qwen2-VL-7B. Table 3 evaluates
SPack on Qwen2-VL-7B under different token re-
duction ratios. SPack consistently achieves the best
average performance, retaining 98.9%, 97.9%, and
94.4% of the upper-bound accuracy under 66.7%,
77.8%, and 88.9% token reduction, respectively.
The advantage becomes more evident under aggres-
sive compression: when reducing 88.9% of visual
tokens, SPack surpasses FlowCut by 1.9 percentage
points on average and obtains the best results on
five of six benchmarks. These results demonstrate
that SPack generalizes well beyond the LLaVA
family and remains robust on stronger LVLMs.

Extremely Aggressive Compression To further
examine the robustness of SPack under highly con-
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Table 4: Efficiency comparison on MME and POPE.
We report the total inference time, prefill time, peak
GPU memory, KV cache memory, and throughput. The
original setting uses all visual tokens (576), while SPack
keeps only 64 visual tokens.

Table 5: Ablation study on multimodal benchmarks.
We compare different variants of our method: Baseline
(Hard Pruning), Semantic Packaging only (Simple Av-
erage Pooling), Packaging with Random Injection, and
our full method with Optimal Transport.

Metric | MME (2374 items) | POPE (9000 items)

‘Vanilla FlowCut  Ours (A) ‘Vanilla FlowCut  Ours (A)

Inference Time (s) | 356.16  230.00 201.95 176+ | 1206.30  810.00  726.77 (166
Prefill Time (s) | 259.30  100.00  81.40 :.i9x) | 844.29  330.00 268.55 (3.14x)
GPU Peak Memory (GB) | | 13.96 13.65 13.43 104 | 13.93 13.62 13.42 (1.04x
KV Cache Memory (MB) | | 331.50  120.00  75.50 :39.) | 320.00  110.00  64.00 ;500
Throughput (items/s) T 6.67 9.80 11.76 (1.76) 7.46 9.80 12.38 (166

strained visual token budgets, we evaluate its per-
formance when retaining only 32, 16, 8, 4, and
even 2 visual tokens. As shown in Figure 3, SPack
preserves strong performance with only 32 tokens,
achieving 96.3% of the full-token upper bound on
average across POPE, SQA, SEED, and VizWiz.
Notably, SPack matches or exceeds the vanilla
model on SQA (70.0%) and VizWiz (56.0% vs.
50.0%, +6.0%) under the 32-token setting. As
the token budget becomes more aggressive, perfor-
mance gradually degrades, yet SPack still main-
tains 79.1% of the upper-bound performance with
only 2 visual tokens. These results demonstrate
that SPack can effectively concentrate visual infor-
mation into a compact token subset and remains
robust even under extreme compression ratios.

4.2 Efficiency Analysis

Table 4 shows that SPack consistently improves in-
ference efficiency over both the vanilla setting with
576 visual tokens and the prior FlowCut method.
On MME and POPE, SPack achieves 1.76x and
1.66x end-to-end speedups, respectively. The
gain is more significant in the prefilling stage,
where SPack reaches over 3x acceleration on both
datasets, demonstrating the benefit of reducing re-
dundant visual tokens. SPack also substantially
reduces KV-cache memory by 4.39x on MME and
5.00x on POPE, while improving throughput to
11.76 and 12.38 items/s. These results indicate that
SPack effectively lowers both computational and
memory costs during multimodal inference.

4.3 Ablation Studies

Table 5 ablates the key components of SPack. Hard
pruning causes severe information loss and per-
forms worst. Replacing it with Packaging brings
clear gains, confirming the benefit of retaining se-
mantic mass from pruned tokens. Random and
local neighbor injection yield progressive improve-

Configuration ‘GQA MMB POPE SQA VizWiz SEED

0. Baseline ‘ 52.10 57.30 78.50 66.80 5320 51.60
1. Packaging Only ‘ 53.50 58.60 79.90 67.90 54.10 52.80
2. + Random Injection ‘ 5420 59.10 80.80 68.60 5450 53.40
3. + Local Neighbor ‘ 55.00 59.70 81.60 69.30 55.00 53.90
4. SPack (Ours) ‘ 55.60 60.22 82.34 70.08 55.60 54.24
|
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Figure 4: Spatial distribution of retained visual tokens.

ments. Our full SPack with optimal transport
achieves the best results, improving GQA by 6.21
over baseline. These results validate that formu-
lating token compression as information-energy
redistribution effectively preserves both local and
global visual semantics.

4.4 Visualization

Figure 4 visualizes the proposed OT-based token
pruning and energy redistribution mechanism in
vision Transformers. The top-left panel shows
the input cat image, while the top-right plot com-
pares original value energy, conserved energy, OT-
redistributed energy, and final importance scores.
The results show that OT redistribution amplifies
semantically critical tokens and suppresses redun-
dant background tokens. The bottom row further
illustrates token-level energy flow: incoming mass
is concentrated on kept foreground tokens around
the cat, while outgoing mass mainly comes from
low-information background tokens. The visual-
ization shows that SPack can retain semantically
important tokens while removing redundant ones
through energy-conserving redistribution.
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5 Conclusion

In this paper, we propose SPack, a training-free vi-
sion token compression method that rethinks hard
pruning. Instead of directly discarding redundant
tokens, SPack treats pruned tokens as semantic
mass and redistributes their information to retained
tokens via optimal transport. By jointly model-
ing relation attention, semantic affinity, and value-
space energy, SPack compresses visual tokens
while preserving contextual information. Exten-
sive experiments show superior accuracy-efficiency
trade-offs, indicating that semantic information
conservation is crucial for token compression.

Limitations

Although SPack achieves a favorable accuracy-
efficiency trade-off, the compression process still
inevitably introduces a certain degree of informa-
tion loss compared with using full vision tokens,
especially under aggressive pruning ratios. This
may slightly affect performance on tasks requiring
fine-grained visual details. In addition, SPack is
designed as a training-free framework and mainly
evaluates token redistribution based on feature sim-
ilarity and importance estimation. Its effectiveness
may therefore depend on the quality of interme-
diate representations produced by the backbone
VLM, which could limit generalization across ar-
chitectures with significantly different token distri-
butions.
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