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Abstract

Visual tokens dominate the inference cost of
multimodal large language models (MLLMs),
but aggressive token reduction often degrades
reasoning. We argue that the fragility comes
from a saliency-ranking view, i.e., existing
training-free methods typically rank tokens
by a scalar proxy, such as cross-attention,
[CLS] attention, or feature similarity, and then
prune or merge tokens independently. How-
ever, visual evidence is set-valued and struc-
tured: salient patches can be redundant, low-
saliency tokens can be answer-critical, and
feature-similar patches can be unsafe to merge
when they are spatially incompatible. We pro-
pose CondenseVLM, a simple framework that
formulates visual token compression as a bud-
geted evidence-preservation question. The
formulation jointly optimizes salient evidence
coverage, contextual coverage, and spatially
constrained merge fidelity. It yields a mono-
tone submodular coverage term, a marginal-
gain interpretation of diversity-aware anchor
selection, and a local distortion bound for
spatial-semantic merging. Comprehensive ex-
periments across six MLLM families and di-
verse general-purpose, grounding, text-dense,
and video benchmarks demonstrate that Con-
denseVLM improves the accuracy-efficiency
trade-off, and achieves the SOTA performance.

1 Introduction

Multimodal large language models (MLLMs) rely
on long visual-token prefixes to connect image or
video encoders with language decoders. This de-
sign enables general visual question answering,
document understanding, grounding, and multi-
modal reasoning (Liu et al., 2024c,a,b; Li et al.,
2024a; Bai et al., 2025), but it also makes infer-
ence cost highly sensitive to the number of visual
tokens. A 336-resolution LLaVA-1.5 image pro-
duces 576 visual tokens, while high-resolution and

*Corresponding author.

(a) [CLS] saliency (b) feature similarity

Figure 1: Why token ranking is insufficient. Saliency
concentrates on a few regions, while feature similarity
can connect distant patches. Compression must preserve
an evidence set, not only high-scoring individual tokens.

video variants can expose the decoder to thousands
of tokens. Because these visual tokens participate
in decoder attention, reducing them directly lowers
memory usage, prefill cost, and generation latency
(Dao et al., 2022; Dao, 2024; Tan et al., 2026).

Most training-free accelerators therefore start
from a natural primitive: assign each visual to-
ken an importance score and keep the top-ranked
tokens, or merge tokens using feature similarity.
Attention-based methods use text–visual or layer-
wise attention (Chen et al., 2024a; Zhang et al.,
2024b); vision-centric methods use encoder-side
saliency or clustering (Zhang et al., 2024a; Yang
et al., 2024a; Zou et al., 2025b); and merging meth-
ods fuse visually similar tokens (Bolya et al., 2022;
Shang et al., 2024). These approaches are attrac-
tive because they require no retraining. However,
the primitive itself is incomplete: the frozen de-
coder does not consume a ranked list of indepen-
dent patches; it consumes a set of visual evidence
that must remain sufficient after compression.

The difference becomes critical under aggressive
budgets. A good compressed sequence must satisfy
three requirements. First, it must preserve non-
redundant salient evidence: several high-attention
patches around the same object may carry nearly
identical information, so retaining all of them
wastes budget. Second, it must preserve contextual
evidence: background layout, object relations, and
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Figure 2: Performance trends under aggressive visual-token pruning. As the pruning ratio increases, CondenseVLM
maintains a more stable accuracy curve than prior pruning and merging baselines, supporting our claim that visual-
token compression should preserve structured evidence rather than rely on single-proxy token ranking or merging.

text surroundings can disambiguate an answer even
when no single patch receives high attention. Third,
it must preserve reconstructability: if discarded
tokens are merged into anchors, feature similarity
alone may fuse spatially distant regions and corrupt
local structure. Figure 1 illustrates the two observ-
able symptoms behind these failures, and Figure 2
shows their empirical consequence: single-proxy
methods degrade faster as the budget tightens.

We propose CondenseVLM, a visual token con-
densation framework derived from these three re-
quirements. Instead of asking which individual to-
kens are most important, CondenseVLM constructs
a compact visual evidence coreset. It selects faith-
ful anchors according to marginal evidence cover-
age, reserves a small set of globally representative
context anchors, and merges residual tokens with a
spatial-semantic distortion criterion. The method
is plug-and-play: it can be inserted before the LLM
decoder of frozen MLLMs without changing model
weights, prompts, or decoding hyperparameters.

The main contribution of this paper is to turn
a practical compression recipe into a unified
evidence-preservation principle. We first diagnose
why token-level importance is not equivalent to
evidence preservation. We then formulate con-
densation as a budgeted coreset objective whose
terms correspond to salient coverage, contextual
coverage, and local reconstruction fidelity. This
objective provides a theoretical bridge to the algo-
rithm: the coverage term is monotone submodu-
lar, diversity-aware anchor selection approximates
marginal gains, and spatial-semantic merging mini-
mizes a local perturbation bound. Finally, we vali-
date the results across diverse models and bench-
marks, larger backbones, showing robust accuracy-

efficiency trade-offs under different pruning ratios.

2 Why Token Importance Is Not
Evidence Preservation

The central limitation of scalar token ranking is that
it treats compression as an independent decision for
each patch. Evidence preservation is different: the
utility of a token depends on what has already been
retained and on whether discarded tokens can be
safely represented by the retained set. We organize
this mismatch into three desiderata that will later
map directly to the objective in Eq. (2).

D1: marginal rather than absolute utility. A
token should be retained when it contributes evi-
dence that is not already covered by the selected
anchors. High-attention visual tokens often cluster
around a single object or textual region, so their
absolute scores can be large while their incremental
value is small. This is a diminishing-returns effect:
once a region is represented, another near-duplicate
patch should receive a lower marginal gain. Eq. (4)
makes this set-dependent gain explicit.

D2: context as a separate evidence channel.
Low-saliency does not imply irrelevance, as layout,
scene type, position, and surrounding text can all
determine how the decoder interprets foreground
evidence. If context is forced to compete directly
with foreground saliency, it is systematically re-
moved under small budgets. A principled compres-
sor should therefore reserve a lightweight channel
for representative low-saliency context rather than
treating all background tokens as discardable noise.

D3: merging as local reconstruction. When
residual tokens are absorbed into retained anchors,
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the assignment must preserve the local geometry of
the visual feature map. Feature similarity alone can
connect repeated textures or similar object parts
across distant regions; such merging can blur spa-
tial relations that grounding and text-rich reasoning
depend on. A safe assignment should be both se-
mantically close and spatially compatible.

These desiderata explain why aggressive prun-
ing exposes the weakness of single-proxy methods:
when K is large, redundant or misplaced tokens
may be tolerated; when K is small, every retained
token must either add new evidence, represent con-
text, or reconstruct nearby residual information.
Motivated by this, we turn D1-D3 into a compact
coreset objective and derive a new objective.

3 Condensation as Budgeted Evidence
Preservation

Given visual tokens Z = {zi}ni=1 ⊂ Rd and a
retained budget K, CondenseVLM outputs a com-
pressed sequence Z̃T = {z̃j : j ∈ T} with
|T | = K. The retained set is decomposed into
faithful anchors Ta for task-relevant evidence and
context anchors Tb for globally representative low-
saliency context. Each discarded token i /∈ T is
assigned to an anchor π(i) ∈ T and reconstructed
through local aggregation. Thus, visual compres-
sion is treated as coreset construction: select a
small support set and use it to preserve the evi-
dence carried by the full visual sequence.

3.1 A Coreset Objective for Visual Evidence

Let V = {1, . . . , n}, let κij = (1 +
cos(zi, zj))/2 ∈ [0, 1] be normalized semantic sim-
ilarity, and let d̄ij ∈ [0, 1] be normalized spatial dis-
tance on the visual-token grid. Let ai ≥ 0 denote
task saliency and gi ≥ 0 denote context weight,
where gi is concentrated on low-saliency but glob-
ally representative candidates. For any nonnegative
weights w, define representative coverage as

Fw(T ) =
∑︂

i∈V
wimax

j∈T
κij . (1)

This facility-location objective (Krause and
Golovin, 2014) measures whether each weighted
token is represented by at least one retained anchor.
The evidence-preservation objective is

max
Ta,Tb,π

Fa(Ta)+ηFg(Tb)−ρ
∑︂

i/∈Ta∪Tb

D(i, π(i)),

(2)

subject to T = Ta ∪ Tb, |Ta| + |Tb| = K, and
π(i) ∈ T , with

D(i, j) = 1− κij + βd̄ij . (3)

The three terms correspond exactly to D1–D3: Fa

rewards non-redundant salient evidence coverage,
Fg reserves contextual coverage, and D penalizes
semantically or spatially unsafe merging.

The key property of Eq. (1) is diminishing re-
turns. For a selected set S and a candidate x, the
exact marginal gain is

∆w(x | S) = Fw(S ∪ {x})− Fw(S)

=
∑︂

i∈V
wi

[︁
κix −max

j∈S
κij
]︁
+
. (4)

Top-K saliency replaces this set-dependent quan-
tity by a fixed score. It therefore cannot distinguish
a genuinely new evidence carrier from a redundant
patch around an already covered region.
Assumption 1 (Local semantic smoothness). Let
∆(i, j) be the downstream perturbation caused by
absorbing token i into anchor j in a frozen MLLM.
There exist constants Lz, Lc ≥ 0 such that

∆(i, j) ≤ Lz(1− κij) + Lcd̄ij . (5)

This assumption is deliberately local. It does
not claim that the full nonlinear MLLM is globally
Lipschitz-equivalent to cosine similarity and spatial
distance. It only formalizes the weak condition
needed for safe merging: near the original visual
features, replacing a token is less harmful when the
anchor is semantically similar and spatially nearby.
Proposition 1 (Evidence-preserving condensation).
For nonnegative weights wi ≥ 0, Fw is normalized,
monotone, and submodular; exact greedy maxi-
mization under a cardinality budget gives the stan-
dard (1 − 1/e) coverage approximation. Under
Assumption 1 and Lz > 0, assigning a discarded
token by

π(i) = argmax
j∈T

{κij − βd̄ij} (6)

minimizes the per-token perturbation upper bound
when β = Lc/Lz. Finally, the aggregation in
Eq. (9) is the weighted least-squares reconstruction
of each visual anchor cluster.
Appendix A gives the detailed proof. Proposition 1
does not assert that a training-free compressor glob-
ally solves the full MLLM computation. Instead, it
establishes the logic, i.e., coverage gives a princi-
pled diversity objective, context anchors instantiate
a separate coverage channel, and spatial-semantic
assignment controls local merge distortion.
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3.2 Deriving the Training-Free Algorithm
Faithful anchors from marginal coverage. Ex-
act greedy maximization of Eq. (1) requires recom-
puting Eq. (4) for every candidate at every step. We
use the following MMR-style surrogate (Carbonell
and Goldstein, 1998):

sa(x | Ta) = ax − λmax
j∈Ta

κxj . (7)

The saliency term estimates direct task evidence,
while the similarity penalty approximates the
amount of evidence already represented by selected
anchors. This turns selection from “keep the largest
scores” into “add uncovered evidence.”

Context anchors as a second coverage channel.
From low-saliency candidates, CondenseVLM se-
lects a small number of context anchors using

sg(x) =
1

n− 1

∑︂

i̸=x

κxi. (8)

This one-step score approximates contextual cover-
age: a high-scoring context token is representative
of many other low-saliency tokens. Keeping this
budget separate is important because foreground
saliency otherwise dominates the selection process.

Spatial-semantic merging from distortion con-
trol. For each discarded token, CondenseVLM
assigns it by Eq. (6). This is the optimizer of the up-
per bound in Eq. (5) after normalizing β ≈ Lc/Lz .
The spatial penalty is therefore not an arbitrary add-
on; it is the term that prevents feature-similar but
spatially incompatible regions from being fused.

Aggregation as reconstruction. Given an an-
chor j and its assigned residual cluster Cj = {i :
π(i) = j}, CondenseVLM outputs

z̃j =
zj +

∑︁
i∈Cj

ωizi

1 +
∑︁

i∈Cj
ωi

, ωi = σ(ai). (9)

Equivalently, z̃j minimizes ∥u − zj∥22 +∑︁
i∈Cj

ωi∥u− zi∥22. Merging is thus a lightweight
reconstruction of residual information, not a hard
deletion of all non-anchor visual tokens.

Algorithm and complexity. For each input, Con-
denseVLM computes saliency and feature similari-
ties, selects |Ta| faithful anchors by Eq. (7), selects
|Tb| context anchors by Eq. (8), assigns residual
tokens by Eq. (6), and aggregates by Eq. (9). The
dominant preprocessing cost is one O(n2d) similar-
ity matrix, paid once before generation; the decoder

then attends to only K visual tokens. This trade-off
is favorable when visual prefixes are long, genera-
tion has multiple decoding steps, or memory is the
bottleneck. More details are in Appendix F.

4 Experiments

Experimental setup. The section is organized
around five questions: (i) whether evidence preser-
vation remains reliable under aggressive budgets,
(ii) whether the same design transfers across model
families, (iii) whether it preserves fine-grained spa-
tial and text evidence, (iv) whether each objective
component is necessary, and (v) whether the ac-
curacy gains translate into practical latency and
memory savings. The evaluation covers six repre-
sentative backbones: LLaVA-1.5, LLaVA-NeXT,
Qwen2.5-VL, InternVL2, LLaVA-OneVision, and
VideoLLaVA. The benchmark suite covers general
visual question answering and reasoning (GQA,
MMBench, MMBench-CN, MME, POPE, Sci-
enceQA, VQAv2, TextVQA, VizWiz, and MM-
Vet), grounding-oriented RefCOCO variants, text-
dense OCR/chart tasks, and video question answer-
ing. Unless otherwise stated, we report perfor-
mance preservation relative to the corresponding
uncompressed model, whose score is normalized,
which allows comparisons across heterogeneous
metrics. We compare against attention-based prun-
ing, saliency-based pruning, token merging, and
recent diversity- or instruction-aware pruners under
the same retained-token budget for each backbone.

4.1 Main Results

The main question is whether the compressed vi-
sual sequence can preserve enough evidence when
the token budget is severely limited. Table 1 re-
ports the full LLaVA-1.5-7B results across nine
benchmarks and three retained-token budgets. Con-
denseVLM achieves the best average preservation
at all budgets: 99.5% with 192 tokens, 98.8% with
128 tokens, and 97.0% with only 64 tokens. Com-
pared with the strongest prior result in each budget,
the gains are +0.3, +0.7, and +0.6 points, respec-
tively. These gains are most important at 128 and
64 tokens, where scalar-ranking methods begin to
discard non-dominant but still useful evidence.

The per-benchmark results in Table 1 show that
CondenseVLM is not simply improving one met-
ric. At 192 tokens, it preserves or improves perfor-
mance on POPE, VQAv2, TextVQA, and VizWiz
while keeping strong GQA and MMBench scores.
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Table 1: Performance comparison of various methods across general benchmarks. Results are shown for different
pruning ratios, with accuracy and average performance highlighted. CondenseVLM consistently achieves SOTA.

Methods GQA MMB MMBCN MME POPE SQA VQAV2 VQAText VizWiz Avg.

Upper Bound, 576 Tokens 61.9 64.7 58.1 1862 85.9 69.5 78.4 58.2 50.0 100%

LLaVA-1.5-7B Retain 192 Tokens (↓ 66.7%)
FastV (ECCV25) 52.7 -14.9% 61.2 -5.4% 57.0 -1.9% 1612 -13.4% 64.8 -24.6% 67.3 -3.2% 67.1 -14.4% 52.5 -9.8% 50.8 +1.6% 90.5%
LLaVA-PruMerge (ICCV25) 54.3 -12.3% 59.6 -7.9% 52.9 -9.0% 1632 -12.4% 71.3 -17.0% 67.9 -2.3% 70.6 -9.9% 54.3 -6.7% 50.1 +0.2% 91.4%
PDrop (CVPR25) 57.1 -7.8% 63.2 -2.3% 56.8 -2.2% 1766 -5.2% 82.3 -4.2% 68.8 -1.0% 75.1 -4.2% 56.1 -3.6% 51.1 +2.2% 96.7%
FiCoCo-V (2025.03) 58.5 -5.5% 62.3 -3.7% 55.3 -4.8% 1732 -7.0% 82.5 -4.0% 67.8 -2.4% 74.4 -5.1% 55.7 -4.3% 51.0 +2.0% 96.1%
MustDrop (2024.11) 58.2 -6.0% 62.3 -3.7% 55.8 -4.0% 1787 -4.0% 82.6 -3.8% 69.2 -0.4% 76.0 -3.1% 56.5 -2.9% 51.4 +2.8% 97.2%
HiRED (AAAI25) 58.7 -5.2% 62.8 -2.9% 54.7 -5.9% 1737 -6.7% 82.8 -3.6% 68.4 -1.6% 74.9 -4.5% 47.4 -18.6% 50.1 +0.2% 94.6%
SparseVLM (ICML25) 57.6 -6.9% 62.5 -3.4% 53.7 -7.6% 1721 -7.6% 83.6 -2.7% 69.1 -0.6% 75.6 -3.6% 56.1 -3.6% 50.5 +1.0% 96.1%
DART (EMNLP25) 58.9 -4.8% 63.6 -1.7% 57.0 -1.9% 1856 -0.3% 82.8 -3.6% 69.8 +0.4% 76.7 -2.2% 57.4 -1.4% 51.1 +2.2% 98.5%
VisionZip (CVPR25) 59.3 -4.2% 64.5 -0.3% 57.3 -1.4% 1767 -5.1% 86.4 +0.6% 68.9 -0.9% 76.8 -2.0% 57.3 -1.5% 51.6 +3.2% 98.1%
VisPruner (ICCV25) 58.0 -6.3% 63.2 -2.3% 56.6 -2.6% 1765 -5.2% 85.0 -1.0% 69.3 -0.3% 76.5 -2.4% 57.2 -1.7% 51.9 +3.8% 98.0%
HoloV (NeurIPS25) 59.0 -4.7% 65.4 +1.1% 58.0 -0.2% 1820 -2.3% 85.6 -0.3% 69.8 +0.4% 76.7 -2.2% 57.4 -1.4% 50.9 +1.8% 99.2%
CDPruner (NeurIPS25) 59.7 -3.6% 63.8 -1.4% 56.4 -2.9% 1815 -2.5% 85.8 -0.1% 69.3 -0.4% 77.1 -1.7% 57.1 -1.9% 52.0 +4.0% 98.9%
CondenseVLM (Ours) 59.8 -3.4% 65.3 +0.9% 57.3 -1.4% 1794 -3.7% 87.1 +1.4% 69.6 +0.1% 77.7 -0.9% 57.5 -1.2% 51.7 +3.4% 99.5%

LLaVA-1.5-7B Retain 128 Tokens (↓ 77.8%)
FastV (ECCV25) 49.6 -19.9% 56.1 -13.3% 56.4 -2.9% 1490 -20.0% 59.6 -30.6% 60.2 -13.4% 61.8 -21.2% 50.6 -13.1% 51.3 +2.6% 85.4%
LLaVA-PruMerge (ICCV25) 53.3 -13.9% 58.1 -10.2% 51.7 -11.0% 1554 -16.5% 67.2 -21.8% 67.1 -3.5% 68.8 -12.2% 54.3 -6.7% 50.3 +0.6% 89.4%
PDrop (CVPR25) 56.0 -9.5% 61.1 -5.6% 56.6 -2.6% 1644 -11.7% 82.3 -4.2% 68.3 -1.7% 72.9 -7.0% 55.1 -5.3% 51.0 +2.0% 94.9%
FiCoCo-V (2025.03) 57.6 -6.9% 61.1 -5.6% 54.3 -6.5% 1711 -8.1% 82.2 -4.3% 68.3 -1.7% 73.1 -6.8% 55.6 -4.5% 49.4 -1.2% 94.9%
MustDrop (2024.11) 56.9 -8.1% 61.1 -5.6% 55.2 -5.0% 1745 -6.3% 78.7 -8.4% 68.5 -1.4% 74.6 -4.8% 56.3 -3.3% 52.1 +4.2% 95.7%
HiRED (AAAI25) 57.2 -7.6% 61.5 -4.9% 53.6 -7.7% 1710 -8.2% 79.8 -7.1% 68.1 -2.0% 73.4 -6.4% 46.1 -20.8% 51.3 +2.6% 93.1%
SparseVLM (ICML25) 56.0 -9.5% 60.0 -7.3% 51.1 -12.0% 1696 -8.9% 80.5 -6.3% 67.1 -3.5% 73.8 -5.9% 54.9 -5.7% 51.4 +2.8% 93.8%
DART (EMNLP25) 57.9 -6.5% 63.2 -2.3% 57.0 -1.9% 1845 -0.9% 80.1 -6.8% 69.1 -0.6% 75.9 -3.2% 56.4 -3.1% 51.7 +3.4% 97.5%
VisionZip (CVPR25) 57.6 -6.9% 63.4 -2.0% 56.7 -2.4% 1768 -5.0% 84.7 -1.4% 68.8 -1.0% 75.6 -3.6% 56.8 -2.4% 52.0 +4.0% 97.2%
VisPruner (ICCV25) 57.0 -7.9% 62.6 -3.2% 56.0 -3.6% 1745 -6.3% 84.6 -1.5% 69.1 -0.6% 75.8 -3.3% 57.0 -2.1% 52.7 +5.4% 97.4%
HoloV (NeurIPS25) 57.7 -6.8% 63.9 -1.2% 56.5 -2.8% 1802 -3.2% 84.0 -2.2% 69.8 +0.4% 75.5 -3.7% 56.8 -2.4% 51.5 +3.0% 98.0%
CDPruner (NeurIPS25) 59.3 -4.2% 63.1 -2.5% 55.0 -5.3% 1792 -3.8% 85.7 -0.2% 69.0 -0.7% 76.4 -2.6% 56.2 -3.4% 52.8 +5.6% 98.1%
CondenseVLM (Ours) 58.9 -4.8% 64.5 -0.3% 56.3 -3.1% 1747 -6.2% 86.2 +0.3% 69.7 +0.3% 76.3 -2.7% 57.1 -1.9% 52.9 +5.8% 98.8%

LLaVA-1.5-7B Retain 64 Tokens (↓ 88.9%)
FastV (ECCV25) 46.1 -25.5% 48.0 -25.8% 52.7 -9.3% 1256 -32.5% 48.0 -44.1% 51.1 -26.5% 55.0 -29.8% 47.8 -17.9% 50.8 +1.6% 76.7%
LLaVA-PruMerge (ICCV25) 51.9 -16.2% 55.3 -14.5% 49.1 -15.5% 1549 -16.8% 65.3 -24.0% 68.1 -2.0% 67.4 -14.0% 54.0 -7.2% 50.1 +0.2% 87.7%
PDrop (CVPR25) 41.9 -32.3% 33.3 -48.5% 50.5 -13.1% 1092 -41.4% 55.9 -34.9% 68.6 -1.3% 69.2 -11.7% 45.9 -21.1% 50.7 +1.4% 77.5%
FiCoCo-V (2025.03) 52.4 -15.3% 60.3 -6.8% 53.0 -8.8% 1591 -14.6% 76.0 -11.5% 68.1 -2.0% 71.3 -9.1% 53.6 -7.9% 49.8 -0.4% 91.5%
MustDrop (2024.11) 53.1 -14.2% 60.0 -7.3% 53.1 -8.6% 1612 -13.4% 68.0 -20.8% 63.4 -8.8% 69.3 -11.6% 54.2 -6.9% 51.2 +2.4% 90.1%
HiRED (AAAI25) 54.6 -11.8% 60.2 -7.0% 51.4 -11.5% 1599 -14.1% 73.6 -14.3% 68.2 -1.9% 69.7 -11.1% 44.2 -24.1% 50.2 +0.4% 89.4%
SparseVLM (ICML25) 52.7 -14.9% 56.2 -13.1% 46.1 -20.7% 1505 -19.2% 75.1 -12.6% 62.2 -10.5% 68.2 -13.0% 51.8 -11.0% 50.1 +0.2% 87.3%
DART (EMNLP25) 55.9 -9.7% 60.6 -6.3% 53.2 -8.4% 1765 -5.2% 73.9 -14.0% 69.8 +0.4% 72.4 -7.7% 54.4 -6.5% 51.6 +3.2% 93.9%
VisionZip (CVPR25) 55.1 -11.0% 60.1 -7.1% 55.4 -4.6% 1690 -9.2% 77.0 -10.4% 69.0 -0.7% 72.4 -7.7% 55.5 -4.6% 52.9 +5.8% 94.5%
VisPruner (ICCV25) 54.4 -12.1% 61.5 -4.9% 54.2 -6.7% 1672 -10.2% 80.4 -6.4% 69.3 -0.3% 72.7 -7.3% 55.3 -5.0% 53.3 +6.6% 94.9%
HoloV (NeurIPS25) 55.3 -10.7% 63.3 -2.2% 55.1 -5.2% 1715 -7.9% 80.3 -6.5% 69.5 +0.0% 72.8 -7.1% 55.4 -4.8% 52.8 +5.6% 95.8%
CDPruner (NeurIPS25) 57.8 -6.6% 62.3 -3.7% 53.2 -8.4% 1703 -8.5% 84.7 -1.4% 68.5 -1.4% 75.3 -4.0% 55.2 -5.2% 53.4 +6.8% 96.4%
CondenseVLM (Ours) 56.5 -8.7% 63.1 -2.5% 55.1 -5.2% 1695 -9.0% 82.8 -3.6% 70.1 +0.9% 74.2 -5.4% 55.6 -4.5% 54.1 +8.2% 97.0%

At 128 and 64 tokens, it remains competitive on
both reasoning-oriented benchmarks and text-rich
VQA, which supports the evidence-preservation
view: the retained set should cover non-redundant
salient regions, preserve sparse contextual cues,
and reconstruct discarded tokens rather than only
keep top-ranked patches. This conclusion is consis-
tent with Figure 2, where the gap between our pro-
posed CondenseVLM and single-proxy baselines
becomes clearer as pruning becomes more aggres-
sive. Rows for recent diversity- and instruction-
aware pruners such as CDPruner and VisPruner in
Table 1 further verify the same trend.

4.2 Generalization across Backbones

Tables 2 and 3 evaluate whether the same design
transfers beyond LLaVA-1.5. On LLaVA-NeXT-
7B, which uses a much longer high-resolution vi-
sual stream, CondenseVLM preserves 96.1% av-
erage performance with only 320 retained tokens
under 88.9% pruning, outperforming the best prior

average by 0.5 points. This setting is particularly
challenging because high-resolution inputs intro-
duce more visually similar local patterns; preserv-
ing non-redundant anchors and enforcing spatially
compatible merging thus becomes more valuable.

On Qwen2.5-VL-7B, CondenseVLM also ob-
tains the best average preservation across 66.7%,
77.8%, and 88.9% pruning, reaching 95.1%, 92.4%,
and 88.5%, respectively. The improvements are
consistent across POPE, ScienceQA, VQAv2, and
VizWiz, suggesting that the method is not tied to
a specific visual encoder or LLaVA-style architec-
ture. Instead, the advantage comes from perform-
ing evidence-preserving condensation before the
frozen decoder consumes the visual sequence.

Table 4 extends the comparison to InternVL2
and LLaVA-OneVision. On InternVL2-2B and
InternVL2-8B with 50% token pruning, Conden-
seVLM preserves 98.9% and 98.6% average per-
formance, respectively, outperforming FastV and
VisionZip. On LLaVA-OneVision-8B, Conden-

17912



Table 2: Performance comparison on LLaVA-NeXT-7B. Evaluation demonstrates that CondenseVLM significantly
outperforms existing SOTA pruning methods in both individual task accuracy and overall average performance.

Methods GQA MMB MMBCN MME POPE SQA VQAV2 VQAText VizWiz Avg.

Upper Bound, 2880 Tokens 64.2 67.4 60.6 1851 86.5 70.1 81.8 64.9 57.6 100%

LLaVA-NeXT-7B Retain 320 Tokens (↓ 88.9%)
FastV (ECCV24) 55.9 -12.9% 61.6 -8.6% 51.9 -14.4% 1661 -10.3% 71.7 -17.1% 62.8 -10.4% 71.9 -12.1% 55.7 -14.2% 53.1 -7.8% 88.0%
LLaVA-PruMerge (ICCV25) 53.6 -16.5% 61.3 -9.1% 55.3 -8.7% 1534 -17.1% 60.8 -29.7% 66.4 -5.3% 69.7 -14.8% 50.6 -22.0% 54.0 -6.2% 85.6%
PDrop (CVPR25) 56.4 -12.1% 63.4 -5.9% 56.2 -7.3% 1663 -10.2% 77.6 -10.3% 67.5 -3.7% 73.5 -10.1% 54.4 -16.2% 54.1 -6.1% 90.9%
MustDrop (2024.11) 57.3 -10.7% 62.8 -6.8% 55.1 -9.1% 1641 -11.3% 82.1 -5.1% 68.0 -3.0% 73.7 -9.9% 59.9 -7.7% 54.0 -6.2% 92.2%
FasterVLM (ICCV25) 56.9 -11.4% 61.6 -8.6% 53.5 -11.7% 1701 -8.1% 83.6 -3.4% 66.5 -5.1% 74.0 -9.5% 56.5 -12.9% 52.6 -8.7% 91.1%
HiRED (AAAI25) 59.3 -7.6% 64.2 -4.7% 55.9 -7.8% 1690 -8.7% 83.3 -3.7% 66.7 -4.8% 75.7 -7.5% 58.8 -9.4% 54.2 -5.9% 93.3%
SparseVLM (ICML25) 56.1 -12.6% 60.6 -10.1% 54.5 -10.1% 1533 -17.2% 82.4 -4.7% 66.1 -5.7% 71.5 -12.6% 58.4 -10.0% 52.0 -9.7% 89.7%
GlobalCom2 (2025.2) 57.1 -11.1% 61.8 -8.3% 53.4 -11.9% 1698 -8.3% 83.8 -3.1% 67.4 -3.9% 76.7 -6.2% 57.2 -11.9% 54.6 -5.2% 92.2%
DART (EMNLP25) 61.7 -3.9% 65.3 -3.1% 58.2 -4.0% 1710 -7.6% 84.1 -2.8% 68.4 -2.4% 79.1 -3.3% 58.7 -9.6% 56.1 -2.6% 93.9%
VisionZip (CVPR25) 59.3 -7.6% 63.1 -6.4% 55.3 -8.7% 1702 -8.0% 82.1 -5.1% 67.3 -4.0% 78.8 -3.7% 58.9 -9.2% 55.9 -3.0% 93.7%
VisPruner (ICCV25) 59.2 -7.8% 63.4 -5.9% 56.2 -7.3% 1705 -7.9% 81.5 -5.8% 68.2 -2.7% 77.2 -5.6% 59.4 -8.5% 55.4 -3.8% 93.9%
HoloV (NeurIPS25) 61.7 -3.9% 65.3 -3.1% 57.5 -5.1% 1738 -6.1% 83.9 -3.0% 68.9 -1.7% 79.5 -2.8% 58.7 -9.6% 55.3 -4.0% 95.6%
CDPruner (NeurIPS25) 62.2 -3.1% 64.2 -4.7% 55.5 -8.4% 1730 -6.5% 85.2 -1.5% 67.8 -3.3% 80.0 -2.2% 59.2 -8.8% 55.6 -3.5% 95.3%
CondenseVLM (Ours) 61.8 -3.7% 65.1 -3.4% 57.6 -5.0% 1745 -5.7% 84.2 -2.7% 68.8 -1.9% 79.6 -2.7% 60.1 -7.4% 56.3 -2.3% 96.1%

Table 3: Performance comparison on Qwen2.5-VL-7B across pruning ratios. CondenseVLM achieves SOTA.
Methods GQA MMB MME POPE SQA VQAV2 VQAText VizWiz Avg.

Upper Bound, Unpruned 70.0 87.1 2220 84.8 80.0 91.7 85.0 68.1 100%

Qwen2.5-VL-7B Token Pruning Rate = 66.7%
FastV (ECCV24) 61.0 -12.9% 75.7 -13.1% 2072 -6.7% 82.2 -3.1% 78.5 -1.9% 86.5 -5.7% 77.9 -8.4% 64.1 -5.9% 92.8%
PDrop (CVPR25) 60.7 -13.3% 75.5 -13.3% 2043 -8.0% 81.8 -3.5% 78.0 -2.5% 86.6 -5.6% 77.2 -9.2% 63.7 -6.5% 92.3%
DART (EMNLP25) 63.2 -9.70% 77.5 -11.0% 2106 -5.1% 83.1 -2.0% 77.6 -3.0% 85.9 -6.3% 78.6 -7.5% 65.4 -4.0% 93.9%
VisionZip (CVPR25) 62.5 -10.7% 76.0 -12.7% 2097 -5.5% 82.9 -2.2% 78.8 -1.5% 87.0 -5.1% 78.3 -7.9% 65.0 -4.6% 93.7%
VisPruner (ICCV25) 62.0 -11.4% 76.2 -12.5% 2085 -6.1% 82.5 -2.7% 78.1 -2.4% 86.8 -5.3% 77.5 -8.8% 64.2 -5.7% 93.1%
HoloV (NeurIPS25) 63.4 -9.40% 78.2 -10.2% 2110 -5.0% 83.0 -2.1% 78.9 -1.4% 87.1 -5.0% 78.5 -7.6% 65.2 -4.3% 94.4%
CDPruner (NeurIPS25) 63.5 -9.30% 77.0 -11.6% 2115 -4.7% 83.2 -1.9% 78.2 -2.2% 87.2 -4.9% 78.0 -8.2% 64.5 -5.3% 94.0%
CondenseVLM (Ours) 63.8 -8.90% 80.0 -8.20% 2133 -3.9% 83.3 -1.8% 79.9 -0.1% 87.5 -4.6% 78.9 -7.2% 65.0 -4.6% 95.1%

Qwen2.5-VL-7B Token Pruning Rate = 77.8%
FastV (ECCV24) 60.5 -13.6% 74.9 -14.0% 2036 -8.3% 80.7 -4.8% 78.0 -2.5% 82.3 -10.3% 69.5 -18.2% 63.5 -6.8% 90.2%
PDrop (CVPR25) 60.2 -14.0% 75.0 -13.9% 2017 -9.1% 80.4 -5.2% 77.5 -3.1% 82.1 -10.5% 69.2 -18.6% 64.0 -6.0% 89.6%
DART (EMNLP25) 62.0 -11.4% 76.1 -12.6% 2125 -4.3% 81.9 -3.4% 78.1 -2.4% 83.2 -9.3% 71.2 -16.2% 63.5 -6.8% 91.7%
VisionZip (CVPR25) 61.8 -11.7% 75.7 -13.1% 2109 -5.0% 81.2 -4.2% 78.2 -2.2% 83.0 -9.5% 70.7 -16.8% 65.0 -4.6% 91.4%
VisPruner (ICCV25) 61.2 -12.6% 75.2 -13.7% 2060 -7.2% 81.0 -4.5% 77.8 -2.8% 82.8 -9.7% 69.8 -17.9% 63.6 -6.6% 90.6%
HoloV (NeurIPS25) 62.2 -11.1% 76.5 -12.2% 2118 -4.6% 82.0 -3.3% 78.5 -1.9% 84.0 -8.4% 71.0 -16.5% 64.5 -5.3% 92.1%
CDPruner (NeurIPS25) 62.8 -10.3% 75.8 -13.0% 2112 -4.9% 82.5 -2.7% 77.9 -2.6% 84.5 -7.9% 70.2 -17.4% 63.8 -6.3% 91.9%
CondenseVLM (Ours) 62.5 -10.7% 77.0 -11.6% 2099 -5.5% 82.7 -2.5% 78.9 -1.4% 85.6 -6.7% 70.7 -16.8% 64.2 -5.7% 92.4%

Qwen2.5-VL-7B Token Pruning Rate = 88.9%
FastV (ECCV24) 57.2 -18.3% 71.2 -18.3% 1949 -12.2% 78.6 -7.3% 77.4 -3.2% 81.0 -11.7% 60.3 -29.1% 60.5 -11.% 86.1%
PDrop (CVPR25) 56.3 -19.6% 71.4 -18.0% 1920 -13.5% 77.0 -9.2% 76.9 -3.9% 81.5 -11.1% 60.5 -28.8% 60.3 -11.% 85.5%
DART (EMNLP25) 58.5 -16.4% 71.9 -17.5% 2042 -8.0% 77.9 -8.1% 76.9 -3.9% 81.3 -11.3% 61.7 -27.4% 61.2 -10.% 87.1%
VisionZip (CVPR25) 58.0 -17.1% 72.7 -16.5% 2006 -9.6% 77.5 -8.6% 77.8 -2.8% 81.7 -10.9% 61.9 -27.2% 61.5 -9.7% 87.2%
VisPruner (ICCV25) 57.8 -17.4% 71.5 -17.9% 1970 -11.3% 77.3 -8.8% 77.2 -3.5% 81.4 -11.4% 60.6 -28.7% 61.0 -10.% 86.3%
HoloV (NeurIPS25) 59.2 -15.4% 72.9 -16.3% 2025 -8.8% 78.4 -7.5% 78.0 -2.5% 82.0 -10.6% 61.5 -27.6% 62.2 -8.7% 87.8%
CDPruner (NeurIPS25) 60.8 -13.1% 72.0 -17.3% 2030 -8.6% 79.5 -6.2% 77.6 -3.0% 82.8 -9.70% 60.8 -28.5% 62.0 -9.0% 88.1%
CondenseVLM (Ours) 60.4 -13.7% 73.2 -16.0% 2014 -9.3% 79.7 -6.0% 78.5 -1.9% 83.2 -9.30% 61.3 -27.9% 62.7 -7.9% 88.5%

seVLM preserves 97.3% average performance at
70% pruning and 90.0% at 90% pruning, improving
over VisionZip by 1.6 and 6.4 points. The larger
margin under 90% pruning again indicates that
evidence-preserving condensation is most useful
when the visual budget is too small for single-proxy
token selection to remain reliable. The additional
13B-backbone results in the Appendix Table 9 show
the same tendency on the larger LLaVA-1.5 and
LLaVA-NeXT models.

4.3 Text-Dense, Grounding, and Video Tasks

We next test whether the compressed visual se-
quence preserves fine-grained and spatially local-
ized evidence. Figure 3 summarizes OCRBench,
ChartQA, and ChineseOCRBench under different
pruning ratios. These tasks are difficult for visual

token pruning because the answer often depends
on small text regions, chart elements, or peripheral
patches of the image rather than a single salient
object. CondenseVLM maintains strong preserva-
tion across pruning ratios and remains robust even
under extreme pruning, indicating that context an-
chors and residual aggregation help protect small
but answer-critical visual evidence.

Grounding and video QA provide complemen-
tary stress tests. Table 6 shows that on RefCOCO,
RefCOCO+, and RefCOCOg, CondenseVLM pre-
serves 96.5% average grounding performance on
Qwen2.5-VL-7B with a 50% retained-token ratio,
outperforming VisionZip by 5.4 points. This re-
sult directly supports the spatial part of our design:
when localization matters, merging distant but
feature-similar patches is risky, and spatially con-
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Figure 3: Performance comparison on text-dense benchmarks under different pruning ratios. CondenseVLM
remains robust when small textual regions are critical, especially under 77.8% and 88.9% pruning.

Table 4: Performance comparison on InternVL2 and LLaVA-OneVision models with different token pruning ratios.
Methods VizWiz GQA TextVQA MME MMB MM-Vet POPE Avg.

InternVL2-2B (50%) 29.4 57.3 72.0 1821 72.5 39.6 85.4 100.%
FastV (ECCV24) 27.1 -7.8% 55.8 -2.6% 70.7 -1.8% 1774 -2.6% 71.8 -1.0% 34.1 -13.9% 84.8 -0.7% 95.7%
VisionZip (CVPR25) 27.3 -7.1% 56.2 -1.9% 71.0 -1.4% 1813 -0.5% 72.1 -0.6% 34.6 -12.6% 82.9 -2.9% 96.1%
CondenseVLM (Ours) 29.0 -1.4% 56.8 -0.9% 71.8 -1.8% 1829 +0.4% 72.3 -0.3% 38.6 -2.5% 84.5 -1.1% 98.9%

InternVL2-8B (50%) 32.9 62.7 76.6 2205 81.8 60.0 86.7 100.%
FastV (ECCV24) 30.3 -7.9% 62.0 -1.1% 75.6 -1.3% 2214 +0.4% 81.2 -0.7% 56.6 -5.7% 86.5 -0.2% 97.6%
VisionZip (CVPR25) 31.2 -5.2% 62.1 -1.0% 75.9 -0.9% 2185 -0.9% 81.3 -0.6% 56.8 -5.3% 86.8 +0.1% 98.0%
CondenseVLM (Ours) 32.1 -2.4% 62.3 -0.6% 76.2 -0.5% 2200 -0.2% 81.5 -0.4% 56.9 -5.2% 86.2 -0.6% 98.6%

LLaVA-OneVision-1.5-8B (70%) 66.0 69.2 79.5 2271 85.3 57.8 88.5 100.%
FastV (ECCV24) 64.1 -2.9% 65.2 -5.8% 72.3 -9.1% 2020 -11.1% 79.6 -6.7% 52.4 -9.3% 70.4 -20.5% 90.7%
VisionZip (CVPR25) 64.7 -2.0% 65.9 -4.8% 73.2 -7.9% 2105 -7.3% 83.3 -2.3% 55.3 -4.3% 87.1 -1.6% 95.7%
CondenseVLM (Ours) 65.0 -1.5% 66.7 -3.6% 77.1 -3.0% 2210 -2.7% 83.4 -2.2% 56.2 -2.7% 85.7 -3.2% 97.3%

LLaVA-OneVision-1.5-8B (90%) 66.0 69.2 79.5 2271 85.3 57.8 88.5 100.%
FastV (ECCV24) 60.9 -7.7% 61.3 -11.4% 56.5 -28.9% 1800 -20.8% 71.1 -16.6% 46.8 -19.1% 62.9 -28.9% 80.9%
VisionZip (CVPR25) 59.8 -9.4% 60.7 -12.3% 48.2 -39.4% 1980 -12.8% 73.3 -14.1% 48.3 -16.4% 79.3 -10.4% 83.6%
CondenseVLM (Ours) 62.6 -5.2% 63.1 -8.8% 63.4 -20.3% 2002 -11.8% 77.6 -9.0% 52.0 -10.0% 83.9 -5.2% 90.0%

Table 5: The results on diverse VideoQA tasks with
VideoLLaVA-7B. CondenseVLM obtains better results.

Method Token TGIF-QA MSVD-QA MSRVTT Average

Acc Score Acc Score Acc Score Acc/Score

VideoLLaVA 2048 18.1 1.27 64.1 3.41 56.1 2.97 46.1/2.55
FastV (ECCV24) 456 16.4 1.17 60.3 3.24 53.0 2.84 43.2/2.42
VisPruner(CVPR24) 456 16.2 1.16 60.6 3.31 54.2 2.88 43.7/2.45
CondenseVLM 456 17.5 1.25 63.6 3.36 55.3 2.93 45.5/2.51
FastV (ECCV24) 228 12.4 1.00 55.1 2.93 50.4 2.70 39.3/2.21
VisPruner(CVPR25) 228 14.5 1.10 58.9 3.07 51.6 2.79 41.7/2.32
CondenseVLM 228 16.3 1.17 61.5 3.30 53.8 2.87 43.9/2.45

strained assignments better preserve region-level
evidence. Table 5 further evaluates VideoLLaVA-
7B on TGIF-QA, MSVD-QA, and MSRVTT-QA.
Compared with VisPruner, CondenseVLM im-
proves the average Acc./Score from 43.7/2.45 to
45.5/2.51 at 456 retained tokens and from 41.7/2.32
to 43.9/2.45 at 228 retained tokens. Although Con-
denseVLM is designed for image-token condensa-
tion, the video results suggest that diversity, con-
text coverage, and locality are also useful when
evidence is distributed across frames.

4.4 Ablation Study

Figure 4 isolates the contribution of each compo-
nent under 90% pruning. Starting from a saliency-
only anchor selection baseline, adding diversity-
aware selection improves average preservation
from 92.5% to 94.8%, validating the marginal-
coverage view in Eq. (7). Adding token merg-
ing recovers information from discarded regions,

and adding spatially constrained merging further
raises average preservation to 96.5%. The same
trend appears across MME, MM-Vet, MMBench,
and POPE, showing that the improvement is not
caused by a single benchmark artifact. Empiri-
cally, the ablation follows the objective in Eq. (2):
faithful anchors preserve salient evidence, con-
text anchors preserve global coverage, and spatial-
semantic merging controls reconstruction distor-
tion.

Figure 5 studies the context-anchor budget. Re-
moving background anchors forces low-saliency
context to be absorbed by foreground anchors,
while allocating too many background anchors re-
duces the budget available for faithful evidence. A
small non-zero context budget gives the best trade-
off, supporting our choice to model contextual cov-
erage as a separate channel rather than letting con-
text compete directly with foreground saliency.

4.5 Efficiency–Accuracy Trade-off

Finally, Table 7 measures wall-clock efficiency on
POPE using LLaVA-1.5-7B. At 66.7% pruning,
CondenseVLM reduces the total evaluation time
from 49:41 to 31:02 and lowers latency from 0.334s
to 0.208s while preserving 101.0% POPE accuracy.
At 90% pruning, it reduces latency to 0.191s and
memory to 14.5G while preserving 95.5% accuracy.
FasterVLM is slightly faster at the same 90% prun-
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Figure 4: Ablation studies. Each component of CondenseVLM contributes to evidence preservation: diversity-aware
selection improves coverage, merging recovers discarded evidence, and spatial constraints reduce harmful fusion.

Table 6: Grounding-oriented evaluation on RefCOCO, RefCOCO+, and RefCOCOg datasets with Qwen2.5-VL-7B.
Methods RefCOCO

testA
RefCOCO
testB

RefCOCO
val

RefCOCO+
testA

RefCOCO+
testB

RefCOCO+
val

RefCOCOg
test

RefCOCOg
val

Avg.

Qwen2.5-VL-7B (50%) 92.2 84.7 89.6 88.0 74.3 82.8 86.9 86.8 100%
FastV (ECCV24) 74.4 -19.3% 76.5 -9.7% 75.4 -15.8% 68.9 -21.7% 66.8 -10.1% 67.7 -18.2% 75.3 -13.3% 74.8 -13.8% 84.7%
VisionZip (CVPR25) 82.9 -10.1% 79.8 -5.8% 81.8 -8.7% 77.4 -12.0% 69.0 -7.1% 74.0 -10.6% 79.2 -8.9% 79.5 -8.4% 91.1%
CondenseVLM (Ours) 90.2 -2.2% 82.2 -3.0% 86.7 -3.2% 84.6 -3.9% 70.6 -5.0% 79.0 -4.6% 83.6 -3.8% 83.9 -3.3% 96.5%

Table 7: Efficiency and accuracy comparison on POPE. All methods use LLaVA-1.5-7B with 66.7% and 90% token
pruning ratios. Our proposed CondenseVLM achieves superior trade-offs between inference speed, memory, acc.

Methods Time Prefill Latency Mem. Acc. Time Prefill Latency Mem. Acc.

Upper Bound, 576 Tokens 49:41 0.5ms 0.334s 19.0G 100.% 49:41 0.5ms 0.334s 19.0G 100.%

LLaVA-1.5-7B Retain 192 Tokens (↓ 66.7%) Retain 58 Tokens (↓ 90%)
FastV (ECCV24) 35:34 0.5ms 0.239s 16.0G 75.4% 30:41 0.5ms 0.206s 15.6G 66.8%
MustDrop (2024.11) 32:30 0.5ms 0.273s 15.6G 96.2% 29:40 0.6ms 0.199s 14.5G 87.1%
FasterVLM (ICCV25) 30:09 0.5ms 0.202s 15.6G 100.% 25:08 0.5ms 0.168s 14.5G 92.5%
HiRED (AAAI25) 30:08 0.6ms 0.210s 15.7G 96.4% 25:03 0.6ms 0.168s 14.5G 92.7%
SparseVLM (ICML25) 40:51 0.6ms 0.251s 15.8G 97.3% 31:28 0.6ms 0.212s 14.6G 92.3%
CondenseVLM (Ours) 31:02 0.5ms 0.208s 15.6G 101.% 28:28 0.5ms 0.191s 14.5G 95.5%
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Figure 5: Background-anchor ratio with 90% pruning
ratio. A small non-zero context budget performs best.

ing ratio, but its preservation drops to 92.5%. Thus,
the one-time similarity computation in Conden-
seVLM strategy does not erase the decoding-time
benefit, and it buys a stronger accuracy–efficiency
trade-off in the aggressive-pruning regime.

5 Related Work

Efficient MLLM inference. MLLMs connect vi-
sual encoders to language models for multimodal
instruction following and reasoning (Liu et al.,
2024c,a,b; Li et al., 2024a; Bai et al., 2025). Their
increasing input resolution and video support make
visual-token efficiency a central deployment issue
(Xu et al., 2024b; Li et al., 2024c; Lin et al., 2023).

Visual token pruning and merging. FastV and
SparseVLM use attention-based pruning (Chen
et al., 2024a; Zhang et al., 2024b); FasterVLM

and VisionZip exploit visual saliency or cluster-
ing (Zhang et al., 2024a; Yang et al., 2024a);
ToMe and LLaVA-PruMerge merge similar to-
kens (Bolya et al., 2022; Shang et al., 2024); and
DART, CDPruner, IDPruner, VisPruner, and VLM-
Pruner add duplication-, diversity-, instruction-, or
sparsity-aware criteria (Wen et al., 2025; Zhang
et al., 2025a; Tan et al., 2026; Zhang et al., 2025b;
Wu et al., 2025). CondenseVLM is closest to
this training-free family, but differs by deriving
selection and merging from a single evidence-
preservation view: anchors should cover non-
redundant evidence, context should be explicitly
reserved, and merging should respect locality.

6 Conclusion

We present CondenseVLM that rethinks visual to-
ken compression as evidence-preserving condensa-
tion. The central message is that efficient MLLM
inference should not be reduced to ranking individ-
ual tokens: the retained sequence must cover non-
redundant salient evidence, preserve sparse con-
text, and reconstruct discarded information with-
out breaking spatial structure. Experiments across
model families, resolutions, grounding, text-dense
tasks, video QA, and larger backbones show that
this view yields robust accuracy-efficiency trade-
offs under aggressive visual-token reduction.
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Limitations

CondenseVLM adds a similarity-matrix compu-
tation before decoding, so the relative speedup
can be smaller for extremely short generations or
very small models. Integrating the same evidence-
preservation objective into training or instruction
tuning remains future work. The context-anchor
selection is a lightweight approximation to global
evidence coverage, not a substitute for task-specific
perception modules in safety-critical settings.
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Appendix Overview

This appendix is organized to make the main pa-
per self-contained while keeping the main narra-
tive concise. Appendix A gives a detailed theo-
retical justification of CondenseVLM and clarifies
the exact claims supported by the analysis. Ap-
pendix B specifies datasets, models, baselines, and
reproducibility details. Appendix E collects the ad-
ditional controlled experiments, including recent-
baseline comparisons, low-saliency stress tests, rep-
resentation reconstruction, adaptive context rout-
ing, sensitivity analyses, repeated-run statistics,
high-token profiling, and multi-turn evaluation.
The remaining sections provide additional related
work, complexity analysis, visualizations, fine-
grained results, limitations, future directions, ethics
and impact statements, and LLM-use disclosure.

A Detailed Theoretical Justification

This section expands Proposition 1. The purpose of
the theory is not to prove that a compressed visual
sequence is globally equivalent to the full nonlin-
ear MLLM computation. Such a statement would
be unrealistic for a training-free method applied
to arbitrary frozen decoders. Instead, we prove a
narrower and more relevant claim: each component
of CondenseVLM is the solution, approximation,
or computational surrogate of a well-defined part
of the evidence-preservation objective in Eq. (2).
This turns the method from a collection of ad-hoc
heuristics into a structured coreset approximation.

A.1 Notation and Objective Recap

Let V = {1, . . . , n} denote the original visual to-
kens, zi ∈ Rd the visual feature of token i, ai ≥ 0
the task-saliency weight, gi ≥ 0 the context weight,
and κij = (1 + cos(zi, zj))/2 ∈ [0, 1] the normal-
ized feature similarity. Let d̄ij ∈ [0, 1] be the nor-
malized spatial distance on the visual grid. For a
nonnegative weight vector w, define the represen-
tative coverage function

Fw(T ) =
∑︂

i∈V
wici(T ), (10)

where

ci(T ) =

{︄
maxj∈T κij , T ̸= ∅,
0, T = ∅.

(11)

The main objective can be written as

max
Ta,Tb,π

Fa(Ta) + ηFg(Tb)− ρ
∑︂

i/∈Ta∪Tb

D(i, π(i)),

(12)
where

D(i, j) = 1− κij + βd̄ij . (13)

The constraints are T = Ta ∪ Tb, |Ta|+ |Tb| = K,
and π(i) ∈ T . The three terms respectively model
salient evidence coverage, contextual coverage, and
local reconstruction distortion.

A.2 Coverage is a Submodular Evidence
Surrogate

Lemma 1 (Facility-location coverage). For any
wi ≥ 0 and κij ∈ [0, 1], the function Fw in Eq. (10)
is normalized, monotone, and submodular.

Proof. Normalization follows from ci(∅) = 0,
which gives Fw(∅) = 0. For monotonicity, let
A ⊆ B ⊆ V . For each i, the maximum over B is
taken over a superset of the candidates used by A,
hence

ci(A) = max
j∈A

κij ≤ max
j∈B

κij = ci(B), (14)

with the convention ci(∅) = 0. Multiplying by
wi ≥ 0 and summing over i gives Fw(A) ≤
Fw(B).

For submodularity, take A ⊆ B ⊆ V and x /∈ B.
The marginal gain of adding x to a set S is

∆w(x | S) = Fw(S ∪ {x})− Fw(S)

=
∑︂

i∈V
wi [κix − ci(S)]+ . (15)

Because A ⊆ B, monotonicity of ci gives ci(A) ≤
ci(B) for every i. Therefore,

[κix − ci(A)]+ ≥ [κix − ci(B)]+ . (16)

After multiplying by wi ≥ 0 and summing, we
obtain ∆w(x | A) ≥ ∆w(x | B), which is
the diminishing-returns definition of submodular-
ity.

Lemma 2 (Greedy coverage approximation). Let
O be an optimal set of size at most K for maximiz-
ing Fw. The exact greedy algorithm that repeatedly
adds the token with the largest marginal gain ob-
tains

Fw(SK) ≥
(︄
1−

(︃
1− 1

K

)︃K
)︄
Fw(O)

≥ (1− 1/e)Fw(O).

(17)
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Proof. Let St be the greedy set after t selections
and let δt = Fw(O)−Fw(St) be the remaining op-
timality gap. By monotonicity and submodularity,

Fw(O)− Fw(St) ≤ Fw(O ∪ St)− Fw(St)

≤
∑︂

x∈O\St

∆w(x | St).

(18)
Since |O| ≤ K, at least one element in O \ St has
marginal gain at least δt/K. Greedy chooses the
largest available marginal gain, so

Fw(St+1)− Fw(St) ≥
1

K
δt. (19)

Thus δt+1 ≤ (1− 1/K)δt. Unrolling for K steps
gives

δK ≤
(︃
1− 1

K

)︃K

Fw(O), (20)

which implies the stated bound. This is the classical
result of Nemhauser et al. (1978) specialized to the
facility-location coverage function.

Why this matters for visual-token compression.
Lemma 1 formalizes the central difference between
token ranking and evidence preservation. A scalar-
ranking method assigns each token a fixed score
independent of the retained set. In contrast, the
marginal gain in Eq. (15) decreases once a sim-
ilar token has already been retained. This is ex-
actly the redundancy pattern observed in attention
and [CLS]-saliency maps: multiple individually
salient tokens can represent the same visual evi-
dence, while a lower-scoring token may add new
coverage.

A.3 Relation Between Exact Marginal Gain
and the Implemented Score

Exact greedy maximization of Eq. (10) would re-
quire recomputing Eq. (15) for all remaining candi-
dates at every selection step. This is principled but
inefficient for a plug-and-play inference-time com-
pressor. CondenseVLM therefore uses the MMR-
style surrogate

sa(x | Ta) = ax − λmax
j∈Ta

κxj , (21)

which follows the same marginal-coverage logic:
the first term rewards direct task evidence and
the second term penalizes evidence already repre-
sented by selected anchors. This surrogate should
not be interpreted as carrying the exact (1− 1/e)
approximation guarantee, because it replaces the

full weighted marginal sum over all tokens by a
candidate-local redundancy penalty. The correct
interpretation is more limited and more accurate:
Eq. (21) is a computationally cheap proxy for the
diminishing-returns behavior proven above. It is
used because it preserves the sign of the desired
design principle–prefer salient but non-redundant
anchors–while avoiding repeated full-set scans dur-
ing inference.

The context-anchor score applies the same idea
to a separate evidence channel. Selecting context
tokens by

sg(x) =
1

n− 1

∑︂

i̸=x

κxi (22)

chooses low-saliency candidates that are represen-
tative of many other low-saliency tokens. Sepa-
rating the context budget from the faithful-anchor
budget is important: if the two channels compete
under one saliency-dominated ranking, globally
useful layout or background tokens are likely to be
removed. Formally, both Fa and Fg are submod-
ular by Lemma 1, and any nonnegative weighted
sum of such functions is also submodular. Opera-
tionally, CondenseVLM uses a fixed budget split
because it is simple, deterministic, and prevents
the context channel from being absorbed by fore-
ground saliency.

A.4 Spatial-Semantic Assignment Controls
Local Distortion

Lemma 3 (Decomposable optimal assignment).
For a fixed retained set T , the assignment that min-
imizes

∑︂

i/∈T
D(i, π(i)), π(i) ∈ T, (23)

is obtained independently for each discarded token
by

π(i) = argmin
j∈T

D(i, j). (24)

Proof. The objective is a sum of terms, and each
term depends only on the individual choice π(i)
for that discarded token. Therefore, changing π(i)
cannot affect any other token’s assignment cost.
The global minimizer over assignments is obtained
by minimizing each independent term separately.

Lemma 4 (Spatial-semantic assignment). Under
Assumption 1, if Lz > 0 and β = Lc/Lz , the rule

π(i) = argmax
j∈T

{κij − βd̄ij} (25)
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minimizes the per-token perturbation upper bound
Lz(1− κij) + Lcd̄ij over anchors j ∈ T .

Proof. For a fixed discarded token i, define the
local perturbation upper bound

B(i, j) = Lz(1− κij) + Lcd̄ij . (26)

When Lz > 0, dividing by Lz and dropping the
additive constant 1 gives

argmin
j∈T

B(i, j) = argmin
j∈T

{︃
1− κij +

Lc

Lz
d̄ij

}︃

= argmax
j∈T

{︃
κij −

Lc

Lz
d̄ij

}︃
.

(27)
Setting β = Lc/Lz yields Eq. (25). If Lz = 0
and Lc > 0, the bound becomes purely spatial; the
safest assignment degenerates to nearest-neighbor
spatial merging. In practice, β is a normalization
hyperparameter that balances semantic and spatial
scales.

Combining Lemmas 3 and 4, for a fixed anchor
set T we obtain

∑︂

i/∈T
∆(i, π(i)) ≤ Lz

∑︂

i/∈T

(︃
1− κiπ(i) +

Lc

Lz
d̄iπ(i)

)︃
,

(28)
so the implemented assignment minimizes the ad-
ditive upper bound on local replacement error. This
explains why the spatial term is necessary: feature
similarity alone can merge repeated textures or re-
peated object parts across distant regions, while
the distance penalty discourages merges that are
semantically plausible but geometrically unsafe.

A.5 Aggregation is Weighted Least-Squares
Reconstruction

Lemma 5 (Weighted least-squares reconstruction).
For an anchor j and its assigned cluster Cj = {i :
π(i) = j}, with weights ωi ≥ 0, the aggregated
token

z̃j =
zj +

∑︁
i∈Cj

ωizi

1 +
∑︁

i∈Cj
ωi

(29)

is the unique minimizer of

Lj(u) = ∥u− zj∥22 +
∑︂

i∈Cj

ωi∥u− zi∥22 (30)

whenever 1 +
∑︁

i∈Cj
ωi > 0.

Proof. The objective is a strictly convex quadratic
in u because the coefficient of ∥u∥22 is 1 +∑︁

i∈Cj
ωi > 0. Its gradient is

∇uLj(u) = 2(u− zj) + 2
∑︂

i∈Cj

ωi(u− zi). (31)

Setting the gradient to zero gives
⎛
⎝1 +

∑︂

i∈Cj

ωi

⎞
⎠u = zj +

∑︂

i∈Cj

ωizi. (32)

Solving for u yields Eq. (29). Therefore, the ag-
gregation step is the exact weighted least-squares
reconstruction of each local anchor cluster.

The weights ωi = σ(ai) allow discarded tokens
with higher task evidence to contribute more to
the reconstructed anchor feature. When all resid-
ual weights are zero, aggregation reduces to keep-
ing the original anchor unchanged; when residual
weights are positive, the anchor becomes a local
representative of its cluster rather than a hard dele-
tion of all assigned tokens.

A.6 Unified Interpretation and Scope of the
Claim

The above results justify the structure of Conden-
seVLM at three levels. First, representative cov-
erage is a monotone submodular objective, so se-
lecting anchors for coverage is a principled core-
set problem rather than independent top-K rank-
ing. Second, the implemented faithful-anchor and
context-anchor scores are efficient surrogates that
preserve the intended marginal-coverage behavior
while enforcing a useful separation between fore-
ground evidence and global context. Third, for a
fixed retained set, spatial-semantic assignment opti-
mizes a local perturbation bound, and aggregation
exactly solves the corresponding local reconstruc-
tion problem.

The proof also clarifies the limitations of the
theory. The MMR-style score is a surrogate and
does not inherit the exact greedy approximation
ratio. The local smoothness assumption only con-
cerns small feature replacements around the orig-
inal visual sequence and does not imply global
equivalence of decoder outputs. The objective is
therefore best understood as a principled design
lens: it explains why the components are aligned
with evidence preservation, and the experiments
test whether the resulting approximation is effec-
tive across models and tasks.
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B Detailed Experiment Settings

B.1 Datasets

Our evaluation suite follows the scope stated in the
main text and covers four complementary settings:
general image understanding, grounding-oriented
localization, text-dense perception, and video ques-
tion answering. This broader coverage is impor-
tant for token condensation because different tasks
stress different failure modes: general VQA tests
semantic preservation, grounding tests spatial fi-
delity, OCR/chart tasks test small-region evidence,
and video QA tests whether evidence distributed
across frames can still be retained under a com-
pressed visual budge.

General image understanding and reason-
ing. For image understanding, we evaluate on
GQA (Hudson and Manning, 2019), MMBench
and its Chinese split MMBench-CN (Liu et al.,
2025b), MME (Fu et al., 2023), POPE (Li
et al., 2023), ScienceQA (Lu et al., 2022), VQA-
v2 (Goyal et al., 2017), TextVQA (Singh et al.,
2019), VizWiz (Gurari et al., 2018), and MM-
Vet (Yu et al., 2023). These benchmarks jointly
cover compositional scene reasoning, multiple-
choice multimodal reasoning, perceptual and
cognition-oriented evaluation, object-hallucination
assessment, science reasoning, open-ended VQA,
text-centric VQA, real-world accessibility-oriented
VQA, and integrated multimodal capability evalua-
tion. (Liu et al., 2026b; Shen et al., 2026b)

GQA. GQA (Hudson and Manning, 2019) is
built around scene graphs and compositional ques-
tions. It stresses relational reasoning, attribute
recognition, spatial understanding, and multi-step
visual reasoning, making it useful for evaluating
whether compressed visual tokens still preserve
structured scene evidence (Zou et al., 2024).

MMBench and MMBench-CN. MM-
Bench (Liu et al., 2025b) provides a hierarchical
evaluation protocol for MLLMs, including
perception and reasoning categories with more
fine-grained sub-abilities. We use both the English
MMBench split and MMBench-CN to test whether
token condensation remains stable across language
settings and ability categories.

MME. MME (Fu et al., 2023) evaluates both per-
ceptual and cognition-oriented capabilities through
manually designed instruction-answer pairs. Since
MME reports a score rather than a standard ac-
curacy, we normalize it by the corresponding un-

compressed model when computing preservation
ratios.

POPE. POPE (Li et al., 2023) evaluates object
hallucination by asking binary questions about ob-
ject presence. We include it because aggressive
token pruning can remove low-saliency but answer-
critical objects, which directly affects hallucination-
sensitive evaluation.

ScienceQA. ScienceQA (Lu et al., 2022) con-
tains multimodal science questions spanning nat-
ural science, social science, and language science.
It is used to evaluate whether compressed visual
representations preserve evidence needed for rea-
soning beyond direct object recognition.

VQA-v2. VQA-v2 (Goyal et al., 2017) is a stan-
dard open-ended VQA benchmark with human-
annotated answers. It evaluates broad visual recog-
nition and question-answering capability under
natural-image inputs.

TextVQA. TextVQA (Singh et al., 2019) focuses
on answering questions that require reading and
reasoning over text appearing in images. It is par-
ticularly sensitive to small textual regions, so it
serves as a stress test for evidence loss under ag-
gressive pruning.

VizWiz. VizWiz (Gurari et al., 2018) contains
real images and questions from blind or low-vision
users. The images are often noisy, poorly framed,
or visually ambiguous, which tests whether a com-
pression method can preserve robust evidence un-
der non-curated visual conditions.

MM-Vet. MM-Vet (Yu et al., 2023) evaluates
integrated multimodal abilities, including recogni-
tion, OCR, knowledge, spatial awareness, language
generation, and reasoning. We include it to test
whether compression preserves the combination
of capabilities required by open-ended multimodal
tasks (Fu et al., 2025b; Li et al., 2026; Yu et al.,
2025, 2026b; Shen et al., 2026a).

Grounding-oriented evaluation. To evaluate
spatial evidence preservation, we use RefCOCO
and RefCOCO+ (Yu et al., 2016) and Ref-
COCOg (Mao et al., 2016). These datasets require
localizing or selecting the target region described
by a referring expression. They are important for
our method because spatially unconstrained merg-
ing can fuse feature-similar but geographically in-
compatible regions, which is especially harmful for
grounding.

Text-dense and chart understanding. For text-
heavy evaluation, we additionally report OCR-
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Bench (Liu et al., 2023), ChartQA (Masry et al.,
2022), and ChineseOCRBench (Liu et al., 2024e;
Fu et al., 2025a). OCRBench evaluates text recog-
nition, document-oriented VQA, key-information
extraction, and related OCR-centric abilities;
ChartQA evaluates visual and logical reason-
ing over charts; ChineseOCRBench isolates Chi-
nese OCR cases from OCRBench-style evaluation.
These datasets test whether token condensation can
preserve sparse fine-grained evidence, such as char-
acters, numbers, table cells, and chart labels.

Video question answering. For video exper-
iments, we use TGIF-QA (Jang et al., 2017),
MSVD-QA, and MSRVTT-QA (Xu et al.,
2017). TGIF-QA emphasizes temporal and
spatio-temporal reasoning, while MSVD-QA and
MSRVTT-QA evaluate question answering over
short open-domain videos. These benchmarks test
whether the same evidence-preserving principle
transfers from image-token compression to frame-
token compression.

B.2 Models

We evaluate CondenseVLM on six representa-
tive open-source MLLM families used in the
main experiments: LLaVA-1.5, LLaVA-NeXT,
Qwen2.5-VL, InternVL2, LLaVA-OneVision, and
VideoLLaVA. This choice covers standard fixed-
resolution image MLLMs, high-resolution image
MLLMs, dynamic-resolution models, larger and
stronger recent backbones, unified image/video
models, and video-specific MLLMs.

LLaVA-1.5. LLaVA-1.5-7B and LLaVA-1.5-
13B (Liu et al., 2024a) are used as the primary
image-understanding backbones. They encode a
standard image into a fixed visual-token sequence,
making them a common testbed for studying visual-
token reduction.

LLaVA-NeXT. LLaVA-NeXT-7B and LLaVA-
NeXT-13B (Liu et al., 2024b) are used to test high-
resolution settings. Compared with LLaVA-1.5,
LLaVA-NeXT exposes the language model to more
visual tokens, so it provides a stronger stress test
for token condensation.

Qwen2.5-VL. Qwen2.5-VL-7B (Bai et al.,
2025) is used for the Qwen-family experiments,
background-anchor ablation, grounding evaluation,
and text-dense evaluation. Its dynamic-resolution
processing and strong OCR/localization ability
make it suitable for testing whether CondenseVLM
generalizes beyond the LLaVA architecture.

InternVL2. InternVL2-2B and InternVL2-8B
are used to evaluate transferability to the InternVL
family (Chen et al., 2024b). We include both a
smaller and a larger variant to check whether the
compression behavior is stable across model scale.

LLaVA-OneVision. LLaVA-OneVision-8B (Li
et al., 2024a) is used as a stronger unified visual-
language backbone with a substantially longer vi-
sual prefix. It is useful for evaluating aggressive
compression when the original visual-token budget
is large.

VideoLLaVA. VideoLLaVA-7B (Lin et al.,
2023) is used for video QA experiments. We apply
the same selection-and-merging principle to visual
tokens extracted from video frames, which tests
whether evidence-preserving condensation is not
restricted to single-image inputs.

B.3 Baselines
We compare with representative training-free or
plug-and-play visual-token reduction methods. Un-
less otherwise stated, all methods are evaluated
under the same retained-token budget for the same
backbone, and the uncompressed model is reported
as the Upper Bound or Baseline. The baselines
cover attention-based pruning, saliency-based prun-
ing, token merging, spatial or hierarchical alloca-
tion, duplication/diversity-aware pruning, and re-
cent instruction- or sparsity-aware methods.

FastV. FastV (Chen et al., 2024a) prunes vi-
sual tokens according to attention maps in early
language-model layers. It is a representative text-
visual-attention pruning baseline.

FasterVLM. FasterVLM (Zhang et al., 2024a)
estimates token importance from [CLS]-visual at-
tention in the vision encoder and prunes tokens be-
fore the visual sequence enters the language model.

SparseVLM. SparseVLM (Zhang et al., 2024b)
uses cross-modal attention to rank visual-token im-
portance and introduces adaptive sparsity with to-
ken recycling.

ToMe. ToMe (Bolya et al., 2022) is a general
token-merging method that merges similar tokens
through lightweight matching. We include it as a
representative similarity-based merging baseline.

LLaVA-PruMerge. LLaVA-PruMerge (Shang
et al., 2024) combines sparse attention-based prun-
ing with key-similarity-based merging, represent-
ing hybrid prune-then-merge compression.

PDrop. PDrop (Xing et al., 2024) progres-
sively drops visual tokens across stages, forming a
pyramid-like token schedule.
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MustDrop. MustDrop (Liu et al., 2024d) com-
bines text-guided pruning, spatial merging, and
output-aware cache policies to reduce tokens across
multiple stages.

GlobalCom2. GlobalCom2 (Liu et al., 2025a)
uses global thumbnail information to allocate com-
pression ratios for high-resolution local crops, pre-
serving local details under a global-local represen-
tation.

VisionZip. VisionZip (Yang et al., 2024a) com-
presses visual tokens by preserving a small set of
important tokens and aggregating redundant tokens
through similarity-based operations.

DART. DART (Wen et al., 2025) is a duplication-
aware token reduction method. It keeps less-
duplicated visual tokens by comparing candidate
tokens with selected pivots, making it a strong re-
cent diversity-oriented baseline.

HoloV. HoloV (Zou et al., 2025a) rethinks
visual-token retention from a holistic perspective
and allocates token budgets across spatial crops to
avoid preserving only highlighted local regions.

CDPruner. CDPruner (Zhang et al., 2025a) for-
mulates token pruning with conditional diversity,
encouraging the retained set to cover complemen-
tary evidence rather than only individually salient
tokens.

VisPruner. VisPruner (Zhang et al., 2025b) ex-
ploits visual cues beyond text-visual attention for
effective token pruning in vision-language models.

IDPruner and VLM-Pruner. IDPruner (Tan
et al., 2026) balances importance and diversity
for visual-token pruning, while VLM-Pruner (Wu
et al., 2025) introduces spatial sparsity buffering
for efficient VLM token pruning (Qin et al., 2026).
They are included in the related-method discussion
to position CondenseVLM among recent diversity-
and sparsity-aware pruning strategies.

B.4 Reproducibility Statement
All experiments are conducted on NVIDIA A800-
80G GPUs. The implementation uses Python 3.10,
PyTorch 2.1.2, and CUDA 11.8. Unless other-
wise noted, we follow the official evaluation proto-
col and hyperparameter settings of each baseline.
For CondenseVLM, the default cosine-similarity
threshold is γ = 0.75, and pruning ratios are con-
verted to the corresponding retained-token budgets
for each backbone. SparseVLM results are pro-
duced from the public repository cloned on 2025-
02-10. We note that the SparseVLM arXiv results
changed across versions, while the repository was

not updated accordingly; we therefore report our
reproduced repository results for a fair code-based
comparison. We set the background token propor-
tion to 0.01/1. All results come from two runs, and
we report the mean values.

C Additional Related Work

C.1 MLLMs and Their Challenges

The recent remarkable success of LLMs (Ouyang
et al., 2022; Zhang et al., 2022; Touvron et al.,
2023a; Dubey et al., 2024; Luo et al., 2025) has
spurred the trend of applying their strong capa-
bilities to multimodal comprehension tasks (Zou
et al., 2026c,b), fostering the development of
MLLMs (Achiam et al., 2023; Team et al., 2023).
Leveraging open-source LLMs such as LLaMA
families (Touvron et al., 2023a,b; Dubey et al.,
2024), MLLMs (Bai et al., 2023; Liu et al., 2024a,b;
Jin et al., 2025) have demonstrated enhanced adapt-
ability across a range of visual understanding tasks,
leading to a more profound ability to interpret the
world. While this empowers LLMs with the ca-
pability of visual perception, the incorporation of
lengthy visual tokens significantly escalates the
computational burdens. Moreover, studies have
shown that existing MLLMs still suffer from cer-
tain visual deficiencies (Tong et al., 2024; Jiang
et al., 2024b) and some hallucinations (Huang et al.,
2024b, 2025; Cao et al., 2026; Deng et al., 2026;
Zou et al., 2026a; Liu et al., 2026a). Some work
mitigates these issues by increasing the resolution
of input images or videos (Luo et al., 2024; Xu
et al., 2024b), but this further exacerbates the com-
putational overhead. For example, LLaVA-1.5 (Liu
et al., 2024c) encodes a 336-resolution image into
576 visual tokens, while LLaVA-NeXT (Liu et al.,
2024b) doubles the resolution and generates 2,880
tokens. LLaVA-OneVision (Li et al., 2024a) rep-
resents an image using 7,290 visual tokens, and
Video-LLaVA (Lin et al., 2023) faces even higher
costs, as it must process numerous visual tokens
from multiple frames during inference. These vi-
sual tokens occupy a large portion of the context
window of their LLMs. In this work, we conducted
experiments on these representative models to ver-
ify CondenseVLM’s applicability.

C.2 Visual Redundancy Identification

In MLLMs, visual redundancy identification facil-
itates the distillation of visual tokens with high
informativeness for faster inference. There are
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two main research directions: a) Vision-centric
strategies analyze the image’s structure and feature
distribution to discard less relevant visual tokens
(Chen et al., 2024a; Wang et al., 2024). Existing ap-
proaches include spatial-similarity clustering (e.g.,
TokenLearner (Ryoo et al., 2021)), dynamic prun-
ing based on attention scores (Han et al., 2024;
Yang et al., 2024b; Xu et al., 2024a), and using in-
formation bottleneck or entropy metrics during the
prefilling stage to estimate background redundancy.
b) Instruction-centric strategies typically use cross-
modal attention analysis or gradient accumulation
to identify redundant tokens (Liu et al., 2024d; Zhu
et al., 2024; Song et al., 2025). Tokens with low
attention or negligible gradient impact are deemed
redundant (He et al., 2024). Building on this, some
studies explore learned importance scoring, train-
ing a lightweight end-to-end model to predict each
patch’s “instruction relevance,” enabling even finer-
grained pruning (Jiang et al., 2024a; Tu et al., 2024;
Ye et al., 2025; Liao et al., 2026). As the existence
of language bias in LLM may cause hallucinations,
we use a vision-centric scheme.

C.3 Token Compression for MLLMs

The inclusion of visual information in MLLMs
introduces long token sequences, leading to high
computation and memory costs. For example, mini-
Gemini-HD (Li et al., 2024c) generates 2880 to-
kens from high-definition images, creating infer-
ence bottlenecks. To address this, research has
focused on token compression and pruning tech-
niques in Vision Transformers (Bolya et al., 2022)
and MLLMs (Huang et al., 2024a). Methods like
LLaMA-VID (Li et al., 2024b) and DeCo (Yao
et al., 2024) address this by modifying models
and adding training, which increases computational
costs. ToMe (Bolya et al., 2022) reduces tokens
without training but disrupts early cross-modal in-
teractions (Xing et al., 2024). LLaVA-PruMerge
(Shang et al., 2024) selectively retains key tokens
while merging less critical ones based on key sim-
ilarity. FasterVLM (Zhang et al., 2024a) utilizes
[CLS] attention scores from the visual encoder to
re-rank and retain top visual tokens. FastV (Chen
et al., 2024a) and SparseVLM (Zhang et al., 2024b)
focus on token selection using attention scores or
cross-modal guidance, but overlook the role of
token duplication and lack Flash-Attention (Dao
et al., 2022; Dao, 2024). Our proposed Conden-
seVLM maintains hard acceleration compatibility
(e.g., Flash-Attention), and effectively retains vi-

sual context during aggressive pruning.

D Feature Comparison with Related
Token-Reduction Methods

Table 8 summarizes the design differences between
CondenseVLM and representative token-reduction
methods discussed in the introduction and related
work. We mark a property as ✓when it is an ex-
plicit design objective, △when it is only partially
covered or emerges indirectly, and ✗when it is not
a main component. The comparison is qualitative
because different methods operate at different lay-
ers and under different backbones, but it clarifies
the central distinction: CondenseVLM is designed
as evidence-preserving condensation rather than
as independent saliency ranking or unconstrained
similarity merging.

IVC-Prune focuses on spatial reasoning by iden-
tifying RoPE-induced implicit visual coordinates;
AgilePruner adaptively combines attention and di-
versity cues; and VisionTrim integrates global-local
token selection with text-guided complement. Con-
denseVLM is complementary in motivation but
different in formulation: it treats compression as a
budgeted evidence-preservation problem and ties
its three modules to coverage, context, and local
reconstruction terms.

E Additional Experimental Results

This section collects the supplementary controlled
experiments added after the initial submission.
They stress-test the central evidence-preservation
claim from complementary angles: comparisons
with recent training-free baselines, robustness to
low-saliency answer evidence, recoverability of
the original feature grid, the gap between exact
marginal-gain selection and the practical surrogate,
context-budget allocation, spatial-semantic sensi-
tivity, repeated-run uncertainty, high-token end-to-
end profiling, and multi-turn evidence reuse.

E.1 Larger Backbones and Recent
Training-Free Baselines

Table 9 evaluates CondenseVLM on LLaVA-1.5-
13B and LLaVA-NeXT-13B. The advantage of
evidence-preserving condensation is maintained
on larger models, with CondenseVLM consistently
improving average preservation over VisionZip un-
der comparable token budgets.

Table 10 adds VisionTrim and VScan to a
matched Qwen2.5-VL-7B comparison at three ag-
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Table 8: Feature-level comparison with related training-free visual-token reduction methods. Unlike methods that
mainly rely on a single saliency, attention, similarity, diversity, or coordinate proxy, CondenseVLM unifies marginal
evidence coverage, explicit context preservation, and spatial-semantic residual aggregation.

Method Training-
free

Set-level
coverage

Explicit
context

Spatial
constraint

Residual
aggregation

Theory-guided
objective

Main pruning / condensation
signal

ToMe (Bolya et al., 2022) ✓ ✗ ✗ ✗ ✓ ✗ Feature-similarity token merging
LLaVA-PruMerge (Shang et al., 2024) ✓ △ ✗ ✗ ✓ ✗ Key-token retention with

similarity merging
FastV (Chen et al., 2024a) ✓ ✗ ✗ ✗ ✗ ✗ LLM-layer attention score
SparseVLM (Zhang et al., 2024b) ✓ ✗ △ ✗ △ ✗ Cross-modal attention and token

recycling
FasterVLM (Zhang et al., 2024a) ✓ ✗ ✗ ✗ ✗ ✗ Visual-encoder [CLS] saliency
VisionZip (Yang et al., 2024a) ✓ △ ✗ ✗ ✓ ✗ Important-token selection plus

similarity compression
FitPrune (Ye et al., 2025) ✓ ✗ ✗ ✗ ✗ △ Attention-distribution fitting
G-Prune (Jiang et al., 2025) ✓ △ △ ✗ ✗ ✗ Graph propagation over token

similarity
DART (Wen et al., 2025) ✓ ✓ ✗ ✗ ✗ △ Duplication-aware token

selection
HoloV (Zou et al., 2025a) ✓ △ ✓ △ ✗ ✗ Holistic context retention across

crops
CDPruner (Zhang et al., 2025a) ✓ ✓ ✗ ✗ ✗ △ Conditional diversity

maximization
IDPruner (Tan et al., 2026) ✓ ✓ ✗ ✗ ✗ △ Importance-diversity balancing
VLM-Pruner (Wu et al., 2025) ✓ △ ✗ ✓ ✗ △ Spatial sparsity buffering
IVC-Prune (Sun et al., 2026) ✓ △ △ ✓ ✗ ✓ Implicit visual coordinates and

foreground tokens
AgilePruner (Baek et al., 2026) ✓ ✓ ✗ ✗ ✗ △ Adaptive attention-diversity

pruning
VisionTrim (Yu et al., 2026a) ✓ ✓ ✓ △ ✓ △ Global-local selection and

text-guided complement
CondenseVLM (ours) ✓ ✓ ✓ ✓ ✓ ✓ Marginal evidence coverage plus

spatial-semantic reconstruction

gressive pruning rates. CondenseVLM is not
strongest on every individual task: for example,
VisionTrim is better on TextVQA in all three dis-
played budgets, and CDPruner is slightly stronger
on GQA at 77.8% and 88.9% pruning. The rel-
evant pattern is the average preservation under
matched budgets, where CondenseVLM obtains
95.1%, 92.4%, and 88.5%, respectively. This sup-
ports the narrower claim that the method yields con-
sistent average preservation rather than uniformly
dominating every benchmark.

E.2 Low-Saliency Evidence and
Representation Recoverability

The Saliency-Trap test in Table 11 isolates a failure
mode that standard VQA averages can hide. Each
stress example contains a large visually dominant
but question-irrelevant region, while the answer
depends on a small or peripheral cue. DART and
CDPruner lose about 24 points relative to their
matched control subsets, whereas CondenseVLM
loses only 3.7 points, close to the 4.7-point drop of
the uncompressed model. The control set is delib-
erately non-oracle for our method: CDPruner is 1.1
points higher there. The result therefore supports

robustness to low-saliency answer evidence rather
than a generic control-set advantage.

Table 12 gives a representation-level diagnos-
tic. A shared lightweight linear probe reconstructs
the original visual feature grid from the 128 re-
tained tokens; the probe is post-hoc and is not part
of CondenseVLM training or inference. Relative
to VisionZip, CondenseVLM reduces reconstruc-
tion MSE from 0.210 to 0.062 and increases grid-
aligned cosine similarity from 0.814 to 0.945. This
does not establish global equivalence to the full
MLLM, but it shows that substantially more en-
coder information remains linearly recoverable un-
der the same token budget.

E.3 Theory-to-Implementation Alignment

Table 13 directly compares exact greedy maxi-
mization of the facility-location marginal gain in
Eq. (4) with the practical MMR-style surrogate
in Eq. (7) on 200 images. Their retained-token
sets have 94.2% Jaccard overlap and their decoder
logits have R2 = 0.985. This is an empirical ap-
proximation result, not a transferred theorem: the
(1− 1/e) guarantee in Appendix A applies only to
exact greedy maximization.
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Table 9: Additional results on larger 13B backbones. CondenseVLM remains competitive under aggressive pruning.

Model / Method Tokens GQA MMB MME POPE SQA VQAV2 VQAText VizWiz Avg.

LLaVA-1.5-13B 576 63.2 67.7 1818 85.9 72.8 80.0 61.3 56.6 100.0%
VisionZip 192 59.6 65.9 1770 86.4 72.8 78.0 58.6 54.9 97.6%
CondenseVLM 192 59.6 65.9 1770 86.4 72.8 78.0 58.6 56.0 97.8%
VisionZip 128 57.9 66.7 1743 85.2 74.0 76.8 58.7 55.0 97.1%
CondenseVLM 128 58.9 65.5 1811 85.9 73.1 76.7 57.5 56.8 97.7%
VisionZip 64 56.2 64.9 1676 76.0 74.4 73.7 57.4 55.9 93.8%
CondenseVLM 64 57.8 63.8 1711 82.0 71.8 75.2 56.3 57.3 95.0%

LLaVA-NeXT-13B 2880 65.4 70.0 1858 86.2 73.5 81.8 64.3 64.0 100.0%
VisionZip 640 62.1 66.8 1795 85.0 70.1 78.8 59.5 58.9 96.2%
CondenseVLM 640 62.4 67.0 1817 85.6 70.1 79.1 60.2 60.2 96.7%
VisionZip 320 60.8 64.9 1762 81.5 69.8 75.9 57.8 57.2 94.4%
CondenseVLM 320 61.5 65.4 1810 82.7 70.3 76.9 58.5 58.5 95.2%
VisionZip 160 58.2 64.8 1680 75.2 68.5 72.1 55.4 54.8 91.0%
CondenseVLM 160 59.5 65.5 1715 77.8 69.1 73.6 56.7 56.7 92.2%

E.4 Context Allocation and Adaptive
Marginal-Gain Routing

Table 14 extends the context-ratio analysis to nat-
ural images, charts, dense documents, and local-
ized grounding. GQA, ChartQA, and OCRBench
favor a small non-zero context allocation, while
RefCOCO slightly favors zero context because the
query is usually concentrated on a localized object.
Allocating too many tokens to the context channel
consistently hurts because it displaces task-relevant
faithful anchors under the fixed total budget.

To remove the need to pre-specify this split,
we additionally evaluate a training-free adaptive
marginal-gain router. Let R(T ) denote the current
residual reconstruction-distortion term for the re-
tained support T = Ta∪Tb. For a faithful candidate
x and context candidate y, the router compares

Ga(x) =
∆Fa(x | Ta)∑︁

i ai + ϵ
+ ρ

∆R(x | T )
R(T ) + ϵ

,

Gb(y) = η
∆Fg(y | Tb)∑︁

i gi + ϵ
+ ρ

∆R(y | T )
R(T ) + ϵ

.

(33)

At each step it allocates the next retained-token
slot to the channel with the larger best normal-
ized gain. Thus the input-specific context ratio
rctx(I) = |Tb(I)|/K emerges from the joint ob-
jective instead of being fixed in advance. Table 15
shows that the router improves ChartQA and OCR-
Bench while retaining the RefCOCO benefit of an
almost-zero context allocation, with an additional
measured routing latency of 1.8 ms. The result-
ing mean context ratios (1.1%, 2.4%, 2.8%, and
0.2%) track the different evidence distributions of
natural images, charts, documents, and localized

grounding.

E.5 Sensitivity to Diversity and Spatial
Locality

Table 16(a) jointly varies the faithful-anchor can-
didate ratio γ and diversity weight λ. Removing
set-dependent redundancy suppression (λ = 0)
gives 61.2 throughout the sweep, while the default
γ = 0.75, λ = 0.5 reaches 65.3 and the central re-
gion remains stable. Table 16(b) varies the spatial
weight β in Eq. (3). With β = 0, semantically sim-
ilar but distant patches can be assigned to the same
anchor; with an excessively large β, assignment
approaches local grid downsampling and loses se-
mantic adaptivity. The default β = 0.5 gives the
strongest RefCOCO testA and OCRBench results
among the tested values. We do not claim that
β = 0.5 is an analytically known value of Lc/Lz;
it is the empirical operating point used in our ex-
periments.

E.6 Repeated-Run Statistics

Table 17 reports three independent evaluations for
two aggressive-compression settings. The observed
standard deviations for CondenseVLM range from
0.05 to 0.15 on the displayed task scores, compared
with 0.14 to 0.41 for the displayed baselines. These
runs make clear that the method is not uniformly
best per task, but the average-preservation advan-
tage persists under repeated evaluation.

E.7 High-Token End-to-End Profiling

Table 18 profiles the complete inference pipeline
on one NVIDIA A800-80GB GPU with 50 gener-
ated output tokens. Even for LLaVA-OneVision
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Table 10: Matched comparison with recent training-free baselines on Qwen2.5-VL-7B under aggressive visual-token
pruning. All methods use the same retained-token budget, decoding configuration, and evaluation protocol. The last
column is the average performance preservation over the same eight-task suite used in the main Qwen evaluation.

Pruning Method VQAv2 GQA POPE TextVQA ScienceQA 8-task Avg.

66.7%

DART 85.9 63.2 83.1 78.6 77.6 93.9%
VisionZip 87.0 62.5 82.9 78.3 78.8 93.7%

VScan 87.1 63.0 83.0 78.4 78.5 94.2%
VisionTrim 86.8 63.4 83.1 79.2 78.6 94.5%
CDPruner 87.2 63.5 83.2 78.0 78.2 94.0%

CondenseVLM 87.5 63.8 83.3 78.9 79.9 95.1%

77.8%

DART 83.2 62.0 81.9 71.2 78.1 91.7%
VisionZip 83.0 61.8 81.2 70.7 78.2 91.4%

VScan 84.0 62.2 82.0 71.0 78.3 91.8%
VisionTrim 83.8 62.4 82.3 71.8 78.4 92.1%
CDPruner 84.5 62.8 82.5 70.2 77.9 91.9%

CondenseVLM 85.6 62.5 82.7 70.7 78.9 92.4%

88.9%

DART 81.3 58.5 77.9 61.7 76.9 87.1%
VisionZip 81.7 58.0 77.5 61.9 77.8 87.2%

VScan 82.1 58.9 78.2 61.9 77.1 87.6%
VisionTrim 81.9 59.4 78.8 62.5 77.5 87.9%
CDPruner 82.8 60.8 79.5 60.8 77.6 88.1%

CondenseVLM 83.2 60.4 79.7 61.3 78.5 88.5%

Table 11: Low-saliency evidence stress test with 64
retained tokens. The Saliency-Trap subset contains a
visually dominant but question-irrelevant region, while
the answer depends on a small or peripheral cue.

Method Control Saliency-Trap ∆

Uncompressed 85.9 81.2 -4.7
DART 72.4 48.5 -23.9
CDPruner 75.3 51.2 -24.1
CondenseVLM 74.2 70.5 -3.7

Table 12: Representation-level reconstruction from 128
retained tokens using a shared lightweight linear probe.
The probe is used only as a post-hoc diagnostic and is
not part of training or inference.

Method MSE ↓ Grid cosine ↑ Downstream preservation

FastV 0.425 0.682 85.4%
VisionZip 0.210 0.814 97.2%
CondenseVLM 0.062 0.945 98.8%

with 7,290 original visual tokens, similarity compu-
tation plus selection/reconstruction takes 22.0 ms,
or 1.96% of final CondenseVLM latency, while
end-to-end latency falls from 2.140 s to 1.120 s and
peak memory from 68.2 GB to 38.4 GB. Across
the four tested settings, the one-time quadratic pre-
processing cost is therefore measurable but does
not erase the decoder and KV-cache savings. We
still retain the O(n2d) similarity computation as an
asymptotic limitation.

Table 13: Empirical alignment between exact facility-
location greedy selection and the practical MMR-style
faithful-anchor surrogate on 200 images.

Alignment metric Result

Retained-token Jaccard overlap 94.2%
Decoder-logit R2 0.985

E.8 Multi-Turn Evidence Reuse
Table 19 evaluates five consecutive visual-dialogue
turns on LLaVA-OneVision-8B with 80% compres-
sion. CondenseVLM remains within 1.3 points of
the uncompressed model at Turn 5 (68.2 versus
69.5) while reducing five-turn GPU memory from
48.2 GB to 15.6 GB. The gap to ToMe and Vi-
sionZip widens over turns, providing complemen-
tary evidence that the condensed support preserves
scene information that remains reusable across
follow-up questions.
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Table 14: Context-budget sensitivity across domains under the same aggressive-pruning protocol. A small non-zero
context budget benefits natural-image reasoning and text-dense tasks, while localized grounding prefers nearly all
budget to remain in faithful anchors.

Context ratio GQA ChartQA OCRBench RefCOCO

0% 54.2 191.5 268.0 87.2
0.5% 55.6 198.0 280.5 86.9

1% (default) 56.5 208.5 288.0 86.7
2% 56.0 204.2 286.0 85.1
5% 54.8 195.0 275.5 82.4

10% 52.1 182.0 258.0 78.0

Table 15: Training-free adaptive marginal-gain budget routing. The router allocates each retained-token slot to the
faithful or context channel using their normalized marginal gains.

Allocation strategy GQA ChartQA OCRBench RefCOCO Routing latency

Fixed 0% context 54.2 191.5 268.0 87.2 0.0 ms
Fixed 1% context 56.5 208.5 288.0 86.7 0.0 ms
Adaptive marginal-gain router 56.6 210.2 290.5 87.1 +1.8 ms

Dataset type Mean selected context ratio

Natural-image reasoning (GQA) 1.1%
Chart reasoning (ChartQA) 2.4%
Dense documents (OCRBench) 2.8%
Localized grounding (RefCOCO) 0.2%

Table 16: Sensitivity analyses for the faithful-anchor surrogate and spatial-semantic assignment. Left: joint sweep
of the faithful-anchor candidate ratio γ and diversity weight λ. Right: effect of spatial weight β.

(a) Joint γ–λ sweep

γ\λ 0.0 0.2 0.5 0.8 1.2

0.50 61.2 62.5 63.4 63.0 60.8
0.75 61.2 63.9 65.3 64.8 61.5
0.90 61.2 63.0 64.1 63.5 60.2

(b) Spatial-weight sweep

β Spatial contrib. RefCOCO testA OCRBench Observed behavior

0.0 0.00 79.8 260.0 Similar-looking distant patches are often as-
signed to one anchor.

0.2 0.14 84.5 272.5 Most long-range errors are removed; some
boundary ambiguity remains.

0.5 0.08 86.7 288.0 Best empirical semantic–spatial balance.
1.5 0.35 82.1 265.0 Grid distance dominates and semantic adaptivity

is reduced.

Table 17: Three independent evaluations for strong comparisons under aggressive compression (mean ± standard
deviation). Only reproduced baselines are included in uncertainty comparisons.

Setting Method VQAv2 GQA POPE TextVQA ScienceQA Avg. preservation

LLaVA-1.5-7B, 64 tokens
VisionZip 72.4±0.25 55.1±0.28 77.0±0.35 55.5±0.41 69.0±0.30 94.5%
CDPruner 75.3±0.21 57.8±0.22 84.7±0.31 55.2±0.38 68.5±0.25 96.4%
CondenseVLM 74.2±0.08 56.5±0.09 82.8±0.12 55.6±0.15 70.1±0.11 97.0%

Qwen2.5-VL-7B, 256 tokens
DART 81.3±0.18 58.5±0.20 77.9±0.24 61.7±0.33 76.9±0.19 87.1%
VisionTrim 81.9±0.15 59.4±0.17 78.8±0.21 62.5±0.28 77.5±0.14 87.9%
CondenseVLM 83.2±0.05 60.4±0.06 79.7±0.10 61.3±0.14 78.5±0.08 88.5%

Table 18: End-to-end profiling on one NVIDIA A800-80GB GPU with 50 generated output tokens. CondenseVLM
latency includes similarity computation, anchor selection, residual assignment, reconstruction, prefill, and decoding.

Model Orig. Ret. Similarity Select+recon. Baseline lat. Ours lat. Speedup Baseline VRAM Ours VRAM

LLaVA-1.5 (90%) 576 58 0.8 ms 1.1 ms 0.334 s 0.191 s 1.75× 19.0 GB 14.5 GB
LLaVA-NeXT 2,550 320 4.2 ms 3.5 ms 0.820 s 0.540 s 1.52× 34.5 GB 22.8 GB
LLaVA-OneVision 7,290 729 12.8 ms 9.2 ms 2.140 s 1.120 s 1.91× 68.2 GB 38.4 GB
VideoLLaVA 2,048 228 3.1 ms 2.8 ms 0.710 s 0.439 s 1.62× 29.8 GB 19.5 GB

Table 19: Five-turn visual dialogue on LLaVA-OneVision-8B with 80% compression. CondenseVLM preserves
reusable scene evidence across turns while substantially reducing GPU memory.

Method Turn 1 Turn 2 Turn 3 Turn 4 Turn 5 Five-turn GPU memory

Uncompressed 78.2 77.0 75.4 72.1 69.5 48.2 GB
ToMe 62.0 58.4 52.1 46.0 39.2 15.4 GB
VisionZip 71.2 68.9 64.0 59.5 52.1 16.5 GB
CondenseVLM 77.8 76.5 74.8 71.3 68.2 15.6 GB
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F Computational Complexity

We follow FastV (Chen et al., 2024a) and estimate
the effect of visual-token reduction through the
transformer FLOPs induced by the sequence length.
For a transformer with T layers, sequence length
N , hidden dimension d, and FFN intermediate di-
mension m, the approximate FLOPs are

FLOPsfull = T
(︁
4Nd2 + 2N2d+ 2Ndm

)︁
.
(34)

The linear terms correspond to projections and FFN
computation, while the quadratic term comes from
self-attention. Since visual tokens often dominate
N in MLLMs, reducing the visual prefix can reduce
both attention cost and memory pressure.

If a method prunes or condenses tokens after
layer L, and the resulting sequence length is N̂ , the
approximate post-compression FLOPs are

ˆ︂FLOPs = L
(︁
4Nd2 + 2N2d+ 2Ndm

)︁

+ (T − L)
(︂
4N̂d2 + 2N̂2d+ 2N̂dm

)︂
.

(35)
The corresponding theoretical reduction ratio is

1−
ˆ︂FLOPs

FLOPsfull
. (36)

CondenseVLM adds a one-time preprocessing cost
for computing visual-token similarities and assign-
ments. This cost is paid before generation and
is amortized when the decoder generates multiple
tokens. The benefit is most pronounced for long vi-
sual prefixes, high-resolution inputs, video inputs,

Table 20: Fine-grained comparison on MMBench (Liu
et al., 2025b) between FasterVLM and CondenseVLM
at high pruning ratios.

Category (dev) Vanilla
(576)

FasterVLM
(↓88.9%)

Condense-
VLM

(↓88.9%)

FasterVLM
(↓75%)

Condense-
VLM

(↓75%)

Action Recognition 90.7 83.3 90.9 85.2 92.0
Attribute Comparison 50.0 56.8 52.6 56.8 51.3
Attribute Recognition 79.7 78.4 74.7 78.4 78.8
Celebrity Recognition 79.8 82.8 75.4 81.2 73.7
Function Reasoning 75.9 77.2 81.1 75.9 82.1
Future Prediction 45.0 37.5 55.6 37.5 58.3
Identity Reasoning 93.3 93.3 96.3 95.6 97.6
Image Emotion 78.0 78.0 68.7 80.0 72.3
Image Quality 35.8 30.2 38.8 39.6 40.0
Image Scene 96.2 93.3 92.2 96.2 90.7
Image Style 77.4 66.0 62.4 69.8 68.2
Image Topic 83.3 86.1 94.1 83.3 95.3
Nature Relation 41.7 33.3 55.6 35.4 54.3
Object Localization 39.5 34.6 26.0 35.8 28.8
OCR 59.0 53.8 81.8 53.8 80.5
Physical Property Reasoning 50.7 50.7 55.0 50.7 57.0
Physical Relation 33.3 20.8 28.8 20.8 26.9
Social Relation 88.4 67.4 67.9 67.4 78.2
Spatial Relationship 17.8 20.0 17.3 22.2 21.0
Structured Image-Text Understanding 26.9 26.9 21.8 26.9 21.8

Table 21: MMBench L2-category fine-grained compar-
ison between FasterVLM and CondenseVLM at high
pruning ratios.

Category (dev) Vanilla
FasterVLM
(↓88.9%)

Condense-
VLM

(↓88.9%)

FasterVLM
(↓75%)

Condense-
VLM

(↓75%)

Attribute Reasoning 70.4 70.9 76.4 75.4 77.8
Coarse Perception 77.4 73.6 73.2 77.0 74.9
Finegrained Perception (Cross-Instance) 55.2 55.2 54.7 56.6 55.9
Finegrained Perception (Instance-Level) 65.9 64.5 63.6 64.5 64.6
Logic Reasoning 33.1 30.5 35.8 30.5 37.0
Relation Reasoning 57.4 43.5 53.6 44.3 56.4

or memory-limited deployment, where reducing N̂
lowers repeated decoder attention cost.

G Additional Visualizations of
CondenseVLM

This section provides qualitative evidence for the
design choices analyzed in Appendix A. The visu-
alizations are intended to show where single-proxy
pruning fails and why diversity-aware selection
plus spatial-semantic merging is useful.

G.1 Token-retention visualization
Figure 6 compares the retained tokens of FastV,
FasterVLM, and CondenseVLM at different prun-
ing ratios. FastV tends to preserve redundant re-
gions because language-layer attention is affected
by positional and instruction-side biases. Faster-
VLM is less redundant but can still concentrate
heavily around locally salient regions. In contrast,
CondenseVLM retains a more spatially and seman-
tically diverse evidence set, which is consistent
with the marginal-coverage objective in Eq. (1).

G.2 Background-token similarity
Figure 8 visualizes cosine similarity between a se-
lected background token and all other tokens. In
several cases, semantically different but visually
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Figure 6: Qualitative comparison of retained visual tokens for FastV, FasterVLM, and CondenseVLM under pruning
rates of 66.7%, 77.8%, and 88.9%.

repetitive regions obtain high similarity, such as
sky-like and beach-like patches. Pure similarity-
based merging may therefore fuse tokens that are
close in feature space but incompatible in image
geometry. The spatial term in Eq. (3) addresses this
failure mode by preferring anchors that are both
semantically similar and spatially nearby.

H Fine-grained MMBench Results

Tables 20 and 21 provide fine-grained MMBench
comparisons between FasterVLM (Zhang et al.,
2024a) and CondenseVLM. At both 88.9% and
75% pruning ratios, CondenseVLM improves sev-
eral categories that require retaining distributed or
relational visual evidence, including action recogni-
tion, function reasoning, future prediction, identity
reasoning, image quality, OCR, physical-property
reasoning, physical relation, and social relation.
The L2-category results further show gains in at-
tribute reasoning and relation reasoning. These
results align with the proposed objective: preserv-
ing a structured evidence set is especially useful

when the answer depends on multiple complemen-
tary regions rather than a single salient patch.

I Limitations

CondenseVLM is a training-free compression
method and therefore depends on the quality of
the frozen visual features and similarity signal.
Extremely fine-grained OCR, dense counting, or
small-object localization may still require larger to-
ken budgets. The main-text implementation uses a
fixed small context ratio for a simple controlled
default; Appendix E shows that a training-free
adaptive marginal-gain router can make this split
input-dependent with small measured routing over-
head, but broader validation of adaptive allocation
remains useful. For video inputs, the current single-
shot condensation does not explicitly model tem-
poral feedback or long-range event structure, so
temporal-aware condensation remains an important
direction.
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Figure 7: Distribution of [CLS] attention across representative images. The attention mass often concentrates on a
small number of regions, motivating diversity-aware evidence coverage.

Figure 8: Similarity between selected background tokens and other visual tokens. High feature similarity can occur
between spatially distant regions, motivating spatially constrained merging.

J Future Work

The results suggest several extensions. First, adap-
tive token budgets could allocate more visual to-
kens to difficult samples and fewer tokens to
simple samples. Second, temporal-aware con-
densation could preserve frame-level evidence
and event transitions more explicitly for video
MLLMs. Third, token condensation sometimes
improves hallucination-sensitive performance on
POPE, indicating that compression may remove
distracting or redundant evidence. Studying how
evidence-preserving condensation interacts with
hallucination-aware decoding or post-training is a
promising direction.

K Ethics Statement

This work reduces MLLM inference cost and
may make multimodal systems more accessible
on resource-constrained devices. It does not intro-
duce new data collection, user profiling, or human-
subject annotation. Because CondenseVLM oper-
ates on frozen MLLMs, it can inherit the biases, hal-
lucinations, and safety limitations of the underlying
model and its training data. Compression may also
remove evidence needed for some safety-critical de-
cisions, so deployment should use task-appropriate
validation and conservative token budgets.

L Impact Statement

CondenseVLM aims to improve the efficiency of
multimodal inference by reducing the number of
visual tokens processed by the language decoder.
This can lower memory usage and latency, mak-
ing MLLMs easier to deploy in edge, mobile, and
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resource-limited environments. The method is
training-free, so it can be applied to existing open-
source MLLMs without additional large-scale train-
ing cost.

The main positive impact is practical accessi-
bility: cheaper inference can broaden the use of
multimodal systems in educational, assistive, and
low-resource settings. The method can also con-
tribute to more sustainable AI deployment by reduc-
ing repeated inference-time computation. At the
same time, efficient deployment may increase the
scale at which MLLMs are used, so standard con-
cerns about hallucination, bias, privacy, and misuse
remain relevant. Since CondenseVLM compresses
visual evidence, users should evaluate it carefully
for high-stakes applications where small visual de-
tails are critical.

M Artifact License and Usage

Our released artifacts are intended for research and
reproducibility purposes. The implementation of
CondenseVLM, including the token-condensation
modules, evaluation scripts, and configuration files
developed by the authors, will be released under
a permissive open-source license such as MIT or
Apache-2.0. The exact license file will be included
in the public repository upon release.

This work does not redistribute the original
model checkpoints or benchmark datasets. All eval-
uated MLLM backbones, datasets, and third-party
baselines are used according to their respective li-
censes and terms of use. Users who reproduce our
experiments should obtain these resources from
their official sources and comply with the corre-
sponding license requirements. In particular, our ar-
tifact only provides code and instructions for apply-
ing CondenseVLM to existing models; it does not
modify the license of any upstream model, dataset,
or baseline implementation.

For third-party methods compared in our experi-
ments, we follow their publicly released implemen-
tations when available and cite the corresponding
papers and repositories. Any derivative use of these
baselines should follow their original licenses. The
figures and tables reported in this paper are gen-
erated from our own experimental results and are
included for academic dissemination.

N The Use of Large Language Models

In preparing this manuscript, we utilized GPT-5.5
and Doubao as a writing and editing assistant. Its

role was limited to enhancing the clarity and flu-
ency of the English in various sections. All sci-
entific ideas, research methodology, experimental
design, result analysis, and technical contributions
are solely the product of the human authors.
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