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Abstract. Visual token pruning is a crucial strategy for accelerating
VLMs by compressing redundant image patches, yet existing methods of-
ten fail to preserve critical cues under dense instructions and fine-grained
queries. In this paper, we investigate this failure and identify two underly-
ing bottlenecks: the widespread dispersion of textual noise that corrupts
dense cross-modal scoring, and the feature fragmentation inherent to stan-
dard token selection. To address these issues, we propose Entropy-Aware
Dense Pruning (EADP), a framework that reformulates pruning as a
structured compression problem. EADP first leverages statistical entropy
to quantify and filter out textual noise, yielding a robust, fine-grained
instruction relevance score. Subsequently, instead of naive Top-K selec-
tion, EADP casts token selection as a submodular maximization problem
with a spatial prior, explicitly ensuring a holistic and non-redundant
visual representation. Extensive experiments demonstrate that EADP
improves the accuracy-efficiency trade-off of VLMs, robustly preserving
fine-grained visual cues under strict token budgets while achieving SoTA
performance on challenging multimodal benchmarks.
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1 Introduction

Vision-language models (VLMs) [4,6l171[18}25/33,36,37] are foundational for multi-
modal understanding, yet their deployment is hindered by the high computational
cost of long visual contexts. In particular, modern VLMs represent images as
dense grids of patch tokens, directly driving up quadratic self-attention costs and
end-to-end latency [101/53}[70]. This makes visual token pruning an appealing and
increasingly necessary strategy for real-time and resource-constrained applications:
retaining only a compact subset of informative tokens significantly accelerates
inference with minimal performance degradation [2.[5L/12}35,49.[52}56}/60,63./67].

In practice, however, things rarely go that smoothly. When we push pruning to
the regimes that actually matter for deployment, tight budgets, dense instructions,
fine-grained cues, and challenging negative queries, existing pruning systems often
become brittle, easily discarding small yet decisive visual cues. This raises a
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deceptively simple question: what exactly goes wrong when we prune? To answer
this, we dissect the standard visual pruning pipeline, which typically consists
of two stages: scoring token importance and selecting the Top-K tokens [38L[73].
In the scoring stage, the prevailing recipe relies on a single global text feature
(e.g., the CLIP [47] EOS token) to evaluate each visual token [31,/65,/66169]. While
cheap and stable, it often acts as a highly compressed summary, missing fine-
grained details. The intuitive fix for such coarse global guidance is dense guidance,
computing cross-modal similarity between every text token and visual token.
Surprisingly, this “more informative” strategy often refuses to help. We observe
that functional words and punctuation typically produce broadly dispersed,
near-uniform similarity responses [9,/54]. Together, they accumulate into an
indiscriminate “noise floor” that drowns out the sparse, localized peaks of truly
meaningful semantic entities. Moreover, even if we succeed in obtaining a clean,
fine-grained relevance score, a second surprise awaits at the selection stage. The
standard Top-K rule, though universally used, is a flawed compression strategy
under strict budgets. It tends to over-concentrate on a few highly discriminative
regions, wasting the limited token budget on redundant local maxima (e.g.,
repeatedly sampling the head of a target object) while leaving other integral
semantic parts entirely unrepresented.

These observations reveal that visual pruning is not merely a scoring task,
but a structured compression problem requiring both noise-robust saliency and
holistic visual coverage. To address this, we propose Entropy-Aware Dense
Pruning (EADP), a lightweight framework designed to make instruction rele-
vance fine-grained and token selection non-redundant. Concretely, EADP first
reformulates the instruction relevance scoring into a dual-stream process. We
begin by computing dense cross-modal similarities between all non-E0S CLIP
text tokens and VLM visual tokens. To eliminate the dispersed textual noise
identified earlier, we introduce an entropy-guided denoising mechanism that
directly calculates the entropy of each text token’s spatial similarity distribution.
By filtering out high-entropy tokens and weighting the retained low-entropy ones,
we obtain a clean dense guidance score. Finally, we fuse this denoised dense
signal with the global EOS semantic context, yielding a comprehensive instruction
relevance map that possesses both local precision and macroscopic stability.

With a robust instruction relevance map in hand, EADP proceeds to tackle
the feature fragmentation and redundancy caused by standard Top-K selection.
We first refine the score map to preserve spatial integrity: a lightweight Gaussian
smoothing is applied to incorporate local structural context, followed by a score
polarization step that exponentially re-amplifies the core visual entities against the
smoothed background. Armed with these structurally aware scores, we abandon
the naive Top-K heuristic and cast the final token selection as a facility location
submodular maximization problem [24,34/|46]. This mathematically principled
objective shifts the focus from mere peak-chasing to holistic representativeness.
It guarantees that all semantic parts of the original image are well-covered by
the compressed subset, naturally penalizing redundant tokens and yielding a
compact, highly informative visual representation for the downstream LLM.
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Fig. 1: (a) illustrates a limitation of global guidance: it tends to attend to background
regions. (b) highlights the dispersion phenomenon caused by textual noise. (c) reveals
the issues of feature fragmentation and selection redundancy.

In summary, our main contributions are three-fold:

— Crucial Insights into Pruning Bottlenecks: We systematically analyze the
failure modes of existing visual token pruning paradigms. We identify the
dispersion phenomenon of textual noise in dense guidance, and reveal feature
fragmentation and redundancy inherent to standard Top-K selection.

— Entropy-Aware Dense Scoring: We propose a novel dispersion-aware scoring
mechanism that elegantly quantifies and filters textual noise using statistical
entropy. Without relying on external NLP parsers, this approach extracts
highly precise, fine-grained instruction relevance and fuses it with global
semantic context for robust guidance.

— Submodular Token Selection with Spatial Priors: We reformulate visual token
selection as a facility location submodular maximization problem. Coupled
with a spatial smoothing and score polarization prior, this objective explicitly
guarantees holistic feature representativeness and penalizes local redundancy,
fundamentally overcoming the limitations of greedy Top-K sampling.

2 Related Works

Large Vision-Language Models. Recent Vision-Language Models (VLMs)
extend LLMs with visual encoders to enable robust multimodal instruction
following . Building upon early contrastive pretraining and unified ar-

chitectures , current paradigms predominantly align pretrained
vision backbones with LLMs via lightweight connectors and multimodal instruc-

tion tuning [29}[37,/62[72]. Further scaling and advanced prompting techniques
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(e.g., Chain-of-Thought) have unlocked emergent capabilities in fine-grained and
compositional reasoning [1},3}7,23./55]. However, the pursuit of higher-resolution
perception inevitably produces massive visual token sequences. The resulting
quadratic computational overhead poses a severe bottleneck for practical inference
and deployment [26L[37], urgently motivating research into compact representa-
tions and visual token pruning.

Visual Token Pruning. Visual token pruning aims to drop redundant patches
while preserving task-relevant information, broadly following three paths. (7)
Score-/saliency-based pruning |5),38,49,/52,63,/69,/70] evaluates token impor-
tance to retain the top-k subset, utilizing heuristics, cross-modal dependency,
or lightweight predictors. (i) Structure-aware pruning |2}/12}35}/60,67] exploits
spatial layouts by grouping patches or selecting informative regions to maintain
structural coverage and diversity. (i) Training-/policy-based pruning [31,56,65)
learns dynamic, context-adaptive token-dropping decisions end-to-end. Despite
promising speedups, existing methods heavily rely on coarse global guidance and
heuristic Top-K sampling, suffering from textual noise and feature fragmentation.
In contrast, our EADP resolves these bottlenecks by filtering dispersed dense
textual noise via Information Entropy and mathematically guaranteeing holistic
feature representativeness through Submodular Maximization.

3 Observations and Insights

Recent methods [12}/651/69] tend to combine feature similarity among visual tokens
with instruction relevance to derive the importance score for each visual token
and then sample a subset of high score tokens as the final visual tokens. In this
section, we conduct pilot studies to revisit existing SOTA pruning paradigms,
revealing critical bottlenecks in both importance scoring and token selection.

3.1 The Limitation of Global Guidance

We utilize CDPruner, which adopts the EQS token from the CLIP text encoder as
the global guidance token to compute instruction relevance, to investigate the effi-
cacy of global guidance. In our experiment, we visualize the instruction relevance
maps generated by CDPruner on dense visual tasks, as shown in Fig. a). We
notice that the global guidance token tends to highlight broad, semantically vague
background regions and does not consistently concentrate on fine-grained critical
clues. This observation suggests that the global guidance token acts as a highly
compressed semantic summary, which inherently lacks the resolution required
to capture fine-grained textual instructions |28}/61]. Consequently, global-guided
pruning can be sub-optimal for fine-grained recognition and challenging negative
queries where the referenced object is absent from the image.

3.2 The Dispersion Phenomenon of Textual Noise

An intuitive solution to the aforementioned limitation is dense guidance: cal-
culating the cross-modal similarity between every text token in the prompt
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Fig. 2: Overview of the EADP. EADP acts as a plug-and-play module compressing
N visual tokens into a highly informative subset of K tokens for the downstream LLM.
Stage 1: An entropy-guided denoising mechanism filters out high-entropy textual noise
to get the dense guidance score SP. This is fused with the global E0S score S€ to yield a
robust instruction relevance score S7. Stage 2: After refining S’ via gaussian smoothing
and score polarization to prevent feature fragmentation, a submodular maximization
objective uses inter-token visual similarity to select the final subset ).

and the visual tokens. However, our empirical results reveal a counter-intuitive
phenomenon: naive dense aggregation yields no performance improvement. To
understand why dense guidance fails, we visualize the spatial similarity distribu-
tion induced by individual text tokens on visual tokens and we uncover a distinct
Dispersion Phenomenon in cross-modal similarity: as illustrated in Fig. b), se-
mantic entity words (e.g., "oven", "cat") exhibit a highly concentrated similarity
distribution, accurately localizing their corresponding visual patches. In stark
contrast, functional words [9/48,[58] (e.g., "using", "is") and punctuation marks
(e.g., "?") exhibit a uniformly dispersed similarity map across the entire image.
While an individual dispersed text token produces uniformly low response
values across visual patches, their cumulative effect is devastating. Since func-
tional words and punctuation typically constitute the majority of a text prompt,
aggregating their similarities creates a dominating, indiscriminate “noise floor”.
This textual noise inflates the scores of irrelevant background regions, diluting
and submerging the localized activation peaks generated by the few semantic
entity words. Identifying and filtering out these dispersed text tokens, without
relying on NLP parsers, is a prerequisite for effective dense pruning. We later
show that statistical entropy can quantify this dispersion degree in Sec. [£.2]

3.3 Feature Fragmentation and Selection Redundancy

Even if we could perfectly filter the textual noise and obtain accurate importance
scores, the final step, selecting a compact subset of visual tokens, remains non-
trivial. To isolate the selection issue, we perform a controlled analysis: we manually
choose the prompt words that refer to the target object and use their induced
similarity scores as instruction relevance, combined with inter-token feature
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similarity, to derive the final importance scores. Subsequently, we apply the
standard Top-K selection based on these scores.

As illustrated in Fig. c), we observe a severe “feature fragmentation” issue.
Rather than capturing the holistic structure of the referring object, the Top-K
selection tends to over-fit to the most highly discriminative local regions (e.g.,
the tail of a elephant), leaving other integral parts (e.g., the body and head)
entirely unrepresented. Furthermore, this naive selection inevitably leads to severe
redundancy, where selected tokens heavily cluster within a few high-score peaks,
wasting the limited token budget on repetitive local features while completely
missing the broader semantic context. These observations highlight three require-
ments for a robust pruning framework: (1) a spatial smoothing mechanism to
propagate activations and incorporate local context, (2) a contrast sharpening
operation to highlight core visual entities and suppress smoothed background
noise, and (3) a principled selection paradigm that guarantees holistic feature
representativeness, ensuring all semantic parts are covered, while penalizing local
redundancy. This finding motivates our adoption of a gaussian spatial prior, score
polarization, and submodular maximization in Sec. [£:3]

4 Methodology

In this section, we present our Entropy-Aware Dense Pruning (EADP) framework.
Building upon the insights from Sec. [3] EADP explicitly quantifies textual
dispersion to filter out noisy text tokens, fuses dense and global guidance for robust
instruction relevance scoring, and reformulates token selection as a submodular
maximization problem to preserve spatial integrity and eliminate redundancy.
The overview pipeline of EADP is shown in Fig. 2]

4.1 Preliminaries and Problem Formulation

Given an input image I and a task-specific text prompt P, a VLM typically em-
ploys a vision encoder to extract a sequence of visual tokens V = {v1,vs,...,un} €
RV*dv where N is the number of visual patches and d,, is the feature dimension.
Meanwhile, the LLM tokenizer converts the text prompt into language tokens
for generation; we denote these LLM tokens as £ = {ly,1s,...,ly,}. These LLM
tokens are concatenated with projected visual tokens and fed into the LLM to
autoregressively generate the output.

We additionally encode the same prompt P by a CLIP text encoder to obtain
a sequence of CLIP text features 7 = {t1,t2,...,tar, tgos} € RMHADXA where
tggs is the EOS token feature and d is the CLIP embedding dimension. To compute
cross-modal cosine similarities between 7 and visual tokens from the VLM vision
tower, we project visual tokens to the CLIP embedding space via a lightweight
projector (implemented identically to CDPruner), producing V = {9, };VZI with
U € R?. For simplicity, we use v; to denote the projected visual token when
computing cross-modal similarities below.

The goal of visual token pruning is to identify a compact subset J C V with
size |Y| = K <« N that preserves the most informative visual cues required for
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correct generation. This requires (i) an instruction relevance scoring function
F :v; — R and (ii) a selection strategy &:

V=d(FV);K) e RExdv, (1)

We detail the formulation of F and @ in Sec. and Sec. respectively.

4.2 Dispersion-Aware Dense Scoring and Fusion

In EADP, instruction relevance is computed from two complementary components:
a global guidance score following prior work [12,/69], and our proposed dispersion-
aware dense guidance score. Both are derived from cross-modal cosine similarities
between CLIP text features 7 and projected visual tokens V.

Global Guidance Score. We compute similarities between the EOS token and
visual tokens as in CDPruner [69], yielding a global guidance score S¢ € R:

Ie. vj - teos
§7 = —————>— p;eV. (2)
7 ol litmesl

Dispersion-aware Dense Guidance Score. As observed in Secs. and
relying solely on the global token tgog neglects fine-grained details, while naive
dense guidance introduces severe textual dispersion noise from functional words.
To address this, we introduce an entropy-guided denoising mechanism. We first
compute the dense cosine similarity matrix C € RM*N hetween non-£08 CLIP
text tokens {t;}}1, and all visual tokens {v;};:

= Y el M}, je{l,....N}. (3)
£l - flosl
Since M < 77 in CLIP, calculating C' requires just one lightweight matrix
multiplication, adding negligible overhead compared to the LLM attention.
To measure the dispersion degree of a text token’s attention, we convert
its similarity scores over all visual tokens into a probability distribution via a
temperature-controlled Softmax:

exp(c; ;/7) 4
Saly exp(ein/) W

We then calculate the Information Entropy H € RM for the tokens:

Pij =

N
h; = — ZPZ’J logpi,j, H = {h17h27 7hM} (5)

Jj=1

A higher entropy h; indicates that the attention of ¢; is uniformly dispersed across
the image (i.e., textual noise, such as punctuation or functional words), whereas
a lower h; signifies a highly concentrated attention on specific visual entities.
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We retain a proportion g € (0,1] of text tokens with the lowest entropy.
Specifically, let A = Q(H) denote the g-quantile (lower tail) of entropy values;
we keep tokens satisfying h; < \:

T ={tie Tlhi <A}, A=Qq(H), (6)
Next, we assign each retained text token in 7’ an entropy-based weight:
a; = softmax;c7 (—h;/7) (7)

where v > 0 controls how strongly low-entropy tokens are emphasized. The
dispersion-aware dense guidance score S” € RY is computed as a weighted
aggregation of similarities:

s;-j = Z Q; - G j (8)

€T’

Instruction Relevance Score. While the dense guidance score S excels
at capturing fine-grained details, the global guidance score S¢ still provides a
valuable macroscopic semantic context. Therefore, we fuse them to obtain the
instruction relevance score S € RV:

S]I- = ,usJG +(1- u)sjp 9)

where p € [0,1] is a balancing hyper-parameter. Furthermore, the instruction
relevance score ST is applied to min-max normalization to ensure that it lies
in [0,1], and then served as the foundational metric for our subsequent spatial
smoothing and submodular selection stages:

I I

I_ §; — Mgef1,.,N} S gl — 1l I
S, = T - T y —{817...,81\7}7 (10)
maXge(1,..,N} Sy — MNge{1,... N} S, T €

where € is a small constant for numerical stability.

4.3 Spatial Smoothing Prior and Submodular Token Selection

To elegantly resolve the issues of feature fragmentation and selection redundancy
stated in Sec. [3.3] we introduce a spatial smoothing prior coupled with score
polarization, followed by a submodular maximization sampling strategy.
Spatial Continuity and Score Polarization. The fused relevance score
ST is computed token-wise. To explicitly inject a spatial continuity prior, we
reshape the 1D score vector ST € RN back into its corresponding 2D spatial
map SQID € RFIXW wwhere N = H x W. Subsequently, we apply a lightweight
3 x 3 Gaussian convolutional kernel G to smooth the score map, aggregating
local structural context:

s! SIy*G. (11)

smooth —

While spatial smoothing effectively propagates high activations to adjacent
structural parts (e.g., providing local context around a highly discriminative
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region), it inherently acts as a low-pass filter that diminishes the peak scores of
those discriminative tokens. To prevent critical features from being submerged,

we introduce a non-linear score polarization step. We flatten S ., back to a
1D vector {simooth’ j }évzl and apply an exponential sharpening filter:

. B .

SJI' = (Sslmooth,j) ) VJ € {L"'aN}a (12)

where 8 > 1 is a polarization factor. This operation exponentially amplifies the
most salient regions while suppressing the smoothed background noise, yielding
the final robust instruction relevance score S7.

Facility Location Submodular Maximization. Given ST , our final objective
is to sample a compact, non-redundant subset ) C V. To fundamentally align
token selection with the essence of visual compression, i.e., representing the
holistic with a few tokens, we reformulate the process as a classic Facility Location
Submodular Maximization problem:

N
T .
arg gr}lg})}(;sj -g}gﬁ}(&m(v“v]), (13)
where Sim(v;, v;) denotes the cosine similarity between the visual features of token
v; and v;. Unlike determinantal point processes (DPP) [42], which are used in
CDPruner and primarily model diversity, the inner maximization term explicitly
quantifies representativeness. It encourages that every single token v; in the
original image is well-represented by its most similar counterpart in the selected
subset ). This explicitly prevents over-fitting to localized high-score regions
(e.g., redundantly sampling only the head of a target object) by ensuring holistic
feature coverage across all semantic parts. Weighted by the highly polarized
instruction relevance score S7 , this objective forces the selection to prioritize
salient regions, while the submodular maximization naturally penalizes selecting
redundant tokens within those localized high-score areas.

While finding the exact optimal subset is NP-Hard, the facility location
objective is inherently submodular, allowing us to employ a highly efficient
greedy algorithm with a theoretical 1 — 1/e lower bound approximation. At each
step, we iteratively add the candidate token u € V' \ ) that yields the maximum
marginal gain, computed as:

=

Gain(u) = Z §§ x (max (Sim(u,v;), Curr(v;)) — Curr(v;)) (14)

j=1

where Curr(v;) = max,,ey Sim(v;, v;) caches the maximum similarity between
v; and the currently selected subset ). This caching allows efficient incremental
updates of marginal gains. In practice, the runtime depends on whether we
precompute token-to-token similarities. Computing cosine similarities on-the-fly
yields a cost dominated by similarity evaluations, while optional precomputation of
an N x N similarity matrix can accelerate greedy updates at the expense of O(N?)
memory. We provide proofs and implementation details in the supplementary.
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Table 1: Performance comparison on LLaVA-1.5-7TB. Avg. denotes the average
over 9 benchmarks (excluding VizWiz). * indicates results reproduced on the VizWiz
validation set, since the official test challenge is no longer available.

Method |[VQAY? GQA VizWiz SQA™S VQAT™* POPE MME MMB*N MMB®N MM Vet|Avg.
Upper Bound, All 576 Tokens (100%)
LLaVA-1.5-7B | 785 61.9 50.1/55.6% 69.6 58.2 85.9 1513.4  64.7 58.1 31.3 | 64.9
Retain 128 Tokens (| 77.8%)
FastV (ECCV24) 713 553 519 68.7 55.6 70.0 1343.6 625 54.8 26.5 |59.1
PDrop (CVPR25) 73.7  56.8 494 69.5 56.1 77.9 14219 621 55.0 27.1 | 61.0
SparseVLM (ICML25) | 74.9  57.0  49.7 69.3 56.0 83.3 14083  62.2 56.1 301 |62.1
PruMerge+(2024.05)| 74.8 580  53.7 68.6 54.3 83.2 14119  62.0 55.1 20.9 |61.8
TRIM (COLING25) 755 587 516 68.3 52.2 85.5 14185  61.9 52.9 29.5 |61.7
VisionZip (CVPR25) 755  57.9 516 68.9 55.9 84.8 1423.7  61.5 55.9 31.3 | 62.5
DART (EMNLP25) 749 583 528 69.1 55.8 81.2 14151  60.7 56.0 31.1 | 62.0
DivPrune(CVPR25) 76.0 59.2  57.5% 68.2 55.3 86.8 1405.1  61.5 54.8 30.6 | 62.5
CDPruner (NIPS25) 762  59.3  57.3" 69.0 56.0 87.3 14314  62.4 54.7 321 [63.2
HiPrune (AAAI26) 749 573 554 68.3 56.2 82.8 13644  62.2 56.4 312 |61.9
EADP (Ours) 76.7 60.0 58.0" 69.0 56.5  87.2 1439.0 62.7 55.2 32.5 |63.5
Retain 64 Tokens (| 88.9%)
FastV (ECCV24) 57.2 480  49.1 68.7 52.1 37.2 9921  49.6 43.3 20.1 |47.3
PDrop (CVPR25) 581 492  46.3 68.3 51.1 40.1 1004.4  48.3 37.8 19.7 1470
SparseVLM(ICML25) | 67.3 51.5  49.4 69.0 52.5 70.2 11929  58.0 49.3 251 |55.8
PruMerge+(2024.05)| 71.2 551  53.7 69.2 52.1 76.3 13105  59.2 51.6 28.0 |58.7
TRIM (COLING25) 72.8 568 511 69.1 50.8 85.3 1356.1  60.5 49.7 26.5 |59.9
VisionZip (CVPR25) 721 56.0 529 69.0 55.0 779 13622 60.3 55.0 20.0 |60.3
DART (EMNLP25) 71.9 552 535 68.7 54.3 743 13713 59.3 54.0 26.5 |59.2
DivPrune(CVPR25) 741 575  57.8* 68.0 54.5 85.5 1356.2  60.1 52.3 28.1 |60.9
CDPruner (NIPS25) 75.0 586  58.0* 68.1 54.7 87.0 1399.1  61.1 53.2 20.5 |61.9
HiPrune (AAAI26) 69.2 53.6 554" 68.9 54.2 73.0 12360  59.5 53.4 27.9 | 57.9
EADP (Ours) 75.6 59.4 59.5" 68.9 55.0 86.5 1403.6 61.9 53.1 29.4 |62.2
Retain 32 Tokens (| 94.4%)
PruMerge+(2024.05)| 65.3 51.3  53.5 68.1 48.7 68.9 12552  54.6 45.2 25.5 |54.5
TRIM (COLING25) 68.9 537  50.7 68.0 46.5 84.2 1259.3  57.1 39.5 22.8 | 56.0
VisionZip (CVPR25) 674 522 524 68.7 52.0 70.6  1257.1  56.8 48.9 24.8 |56.0
DART (EMNLP25) 67.3  52.6 525 69.1 52.2 711 12884 585 49.3 25.5 | 56.7
DivPrune(CVPR25) 712 549 574" 68.6 52.4 81.5 12849  57.6 49.1 26.3 | 584
CDPruner (NIPS25) 73.6  57.0  57.9" 69.5 52.1 87.1 1353.0  59.1 49.6 27.8 | 60.4
EADP (Ours) 74.0 58.2 59.3" 69.3 52.7  86.7 1347.0 59.4 50.1 30.6 |60.9

5 Experiments

5.1 Experimental setup

Model. To comprehensively validate the effectiveness and generalizability of our
method, we conduct experiments on multiple representative VLMs. Specifically,
we adopt several variants from the LLaVA family, including LLaVA-1.5 |37]
for standard image understanding, LLaVA-NEXT [36] designed to handle high-
resolution visual inputs, and LLaVA-Video [71] for video-based reasoning. In
addition, we further evaluate EADP on Qwen2.5-VL [4], an advanced VLM.
Results on more architectures are available in supplementary material.

Benchmarks. For LLaVA models (LLaVA-1.5 and LLaVA-NeXT), we evaluate
on 10 image-based VQA benchmarks: VQAv2 [15], GQA [20], VizWiz [19],
ScienceQA-IMG [41], TextVQA [51], POPE [32|, MME [13|, MMBench |[39],
MMBench-CN [39], and MM-Vet [64]. For Qwen-series advanced VLMs, we
follow their standard evaluation protocols and report results on a diverse set of
benchmarks. Specifically, Qwen2.5-VL is evaluated on 8 benchmarks: TextVQA,
ChartQA [43], AI2D |22], OCRBench [40], HallBench [16], MME, MMBench, and
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Table 2: Performance comparison on LLaVA-NeXT-7B. Avg. denotes the average
performance across 9 benchmarks (excluding VizWiz). Boldface indicates the results of
our method only.

Method |[VQAY? GQA VizWiz SQA™C VQA™* POPE MME MMB®N MMB°N MM Vet|Avg.
Upper Bound, All 2,880 Tokens (100%)
LLaVA-NeXT-7B | 81.3 625 55.2/60.9% 67.6 60.3 86.8 15109  65.8 57.3 40.0  66.3
Retain 640 Tokens (| 77.8%)
FastV (ECCV24) 76.6 584  54.9 67.2 57.5 80.0 1433.2 624 54.1 37.1 |62.8
PDrop (CVPR25) 787  59.5  53.8 66.9 57.1 83.2 1456.3  63.3 54.8 354 |63.5
SparseVLM (ICML25) 795 614 53.6 67.3 58.7 85.7 1464.8  64.8 57.1 35.7 | 64.8
PruMerge+(2024.05) | 780 61.1  57.9 67.4 55.2 85.5 1476.9  64.0 56.6 33.6 |63.9
TRIM (COLING25) 779 617 54.8 67.1 55.5 85.9 14735  66.0 55.9 36.9 |64.5
VisionZip (CVPR25) 79.2 614 571 67.5 58.5 86.2 1492.1  65.8 58.3 39.2 | 65.6
DART (EMNLP25) 787 610 57.0 68.0 59.0 85.7 14449  65.1 57.5 37.3 | 64.9
DivPrune(CVPR25) 79.3 619  60.6* 67.8 57.0 86.9 1469.7  65.8 57.3 38.0 |65.3
CDPruner (NeurIPS25)| 79.9  62.3  60.8" 67.9 58.4 87.1 14745  66.2 57.5 40.7 | 66.0
HiPrune (AAAI26) 788  60.7  61.2* 68.0 48.6 85.3 14753  67.0 58.8 384 |64.4
EADP (Ours) 80.0 62.7 60.6 68.0 59.2  87.4 1494.7 66.5 57.9 40.1 |66.3
Retain 320 Tokens (| 88.9%)
FastV (ECCV24) 634 521  51.3 66.3 52.9 59.9 11343  55.8 46.4 211 |52.7
PDrop (CVPR25) 67.7 533 49.7 66.5 50.7 63.5 1180.7  56.9 48.9 23.7 |54.5
SparseVLM (ICML25) 739  57.8  54.2 67.0 56.0 77.8 13835  63.3 53.4 319 |61.1
PruMerge+(2024.05) | 748 584  57.7 67.5 54.2 79.1 1423.7 626 54.8 323 |61.7
TRIM (COLING25) 75.3 602 53.5 66.4 50.9 85.7 14458  62.1 52.2 335 |62.1
VisionZip (CVPR25) 76.3  59.3  56.2 67.3 56.4 82.9 14027  62.7 55.6 352 |62.9
DART (EMNLP25) 751 59.1  56.8 67.1 56.3 81.4 14335  63.8 55.4 36.3 | 62.9
DivPrune(CVPR25) 772 611 60.1* 67.5 56.2 84.7 14233  63.9 55.7 34.8 |63.6
CDPruner (NeurIPS25)| 77.9  61.6  59.9* 67.7 56.4 86.8 1453.0  64.1 55.7 37.9 |64.5
HiPrune (AAAI26) 744 576  61.3" 67.3 56.5 78.9 1406.8  64.2 57.0 347 |62.3
EADP (Ours) 78.6 62.2 60.4" 67.6 57.0  86.9 1491.3 64.6 55.9 39.4 |65.2
Retain 160 Tokens (| 94.4%)
PruMerge+ (2024.05) | 69.1  55.6  57.2 66.7 50.9 73.7 12983  58.3 49.1 27.6 |57.3
TRIM (COLING25) 70.3 571 52.9 65.7 47.4 84.4 1281.6  61.2 45.4 30.1 |58.4
VisionZip (CVPR25) 70.8 558  55.5 67.7 53.4 76.0 13194  59.2 51.2 31.6 |59.1
DART (EMNLP25) 731 563 56.7 67.5 53.6 772 13328 615 53.3 320 |60.1
DivPrune(CVPR25) 75.0 602 60.7° 67.1 53.7 80.0 1376.3  62.3 53.4 324 |61.4
CDPruner (NeurIPS25)| 76.4  60.6  59.7° 67.5 53.2 86.3 14023  63.6 53.8 35.0 |62.9
HiPrune (AAAI26) 67.3 537 59.5 68.7 48.6 67.7 1200.7  59.8 50.7 29.2 | 56.2
EADP (Ours) 77.0 61.6 60.2° 67.4 54.2  86.0 1419.5 63.4 54.6 35.6 |63.4

MMBench-CN. For Qwen3-VL, we further include DocVQA [45] and InfoVQA [44].
We also evaluate LLaVA-Video on 3 video benchmarks: LongVideoBench [57],
MVBench [27], and Video-MME [14]. All experiments use default settings and
metrics; task details are provided in the supplementary material.
Comparisons. We compare EADP with recent representative visual token prun-
ing methods spanning different design philosophies, including FastV 5], Pyra-
midDrop [59], SparseVLM [70], LLaVA-Prumerge [49], TRIM [52|, VisionZip [60],
DART [56], DivPrune |2]|, HiPrune |38] and CDPruner [69).

Implementation Details. For image-based experiments on LLaVA, we build
our implementation upon the official release. For video tasks, we evaluate using
1lmms-eval toolkit [68]. As for Qwen-series models, we rely on VLMEvalKit |11] to
perform evaluation, following its official configuration to ensure fair comparison
with prior work. All experiments are conducted on NVIDIA RTX 3090 GPUs.

5.2 Results on LLaVA series

Standard-resolution inputs. We evaluate EADP on LLaVA-1.5-7B and report
results in Tab. [l under 3 common budgets of retained tokens. EADP consistently
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achieves the highest average accuracy across all pruning methods at each budget.
With 77.8% tokens pruned, it reaches 63.5 average, closest to the full-token upper
bound, surpassing CDPruner and DivPrune. Under heavier pruning, it remains
strong (62.2 at 64 tokens; 60.9 at 32 tokens), beating DivPrune by 2.5 points
on average and showing robustness to extreme reduction. EADP also excels on
GQA and MMVet, highlighting its fine-grained vision—instruction modeling.
High-resolution inputs. While higher visual resolution improves fine-grained
reasoning in VLMs [4,/6,37], it also increases redundancy, making token pruning
essential. We evaluated EADP on LLaVA-NeXT-7B with 672 x 672 input resolu-
tion, producing 2880 visual tokens per image. As shown in Tab. [2] EADP is highly
robust in this high-density regime: with 640 tokens, it matches the unpruned
upper bound at 66.3 average. With 320/160 tokens, it achieves 65.2/63.4, re-
spectively, outperforming strong recent baselines. These results confirm EADP’s
ability to preserve fine-grained semantics under high-resolution inputs.

5.3 Results on advanced VLMs

Qwen2.5-VL. We further evaluate EADP on the recent open-source VLM
Qwen2.5-VL [4] to assess generalization across heterogeneous architectures. Fol-
lowing CDPruner [69], we fix the input resolution to 1008 x 1008, yielding 1,296
visual tokens per image. As Qwen2.5-VL uses a different visual encoder and pro-
jection design, methods requiring a dedicated [CLS] token are inapplicable; thus
we compare only with DivPrune [2]|, HiPrune [38]|, and CDPruner. Empirically,
pruning causes larger degradation on Qwen2.5-VL than on LLaVA, suggesting
its visual tokens are more tightly coupled with downstream reasoning. As shown
in Tab. [3] when retaining 256 tokens, EADP maintains 74.3 average accuracy,
outperforming all baselines by a clear margin. Even under the highly compressed
128-token setting, EADP preserves 68.4 accuracy, demonstrating robustness under
extreme token constraints. Specifically, EADP’s advantage is particularly evident
on hallucination-sensitive and reasoning-intensive benchmarks such as HallBench.
Qwen3-VL. We also evaluate EADP on Qwen3-VL-8B and additionally report re-
sults on DocVQA and InfoVQA, which require preserving fine-grained textual and
layout information in document images. As shown in Tab. ] EADP consistently
achieves best average performance under all token budgets. Specifically, when re-
taining 128 tokens, EADP obtains 62.7 average scores, outperforming the strongest
baseline by 3.5. Gains are particularly evident on document-oriented benchmarks:
at 256 tokens, EADP improves DocVQA by 7.0 and 9.8 over DivPrune and
CDPruner, respectively, while also bringing improvements on InfoVQA. These
results demonstrate that EADP can effectively preserve fine-grained textual
evidence and holistic visual structures under strict token budgets.

5.4 Results on Video Understanding

Video understanding poses a more challenging scenario for visual token effi-
ciency, as redundancy naturally accumulates across both spatial and temporal
dimensions [50|. To examine EADP in this high-redundancy setting, we conduct
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Table 3: Performance comparison on Qwen2.5-VL-7B. Avg. denotes the average
performance across 8 benchmarks. Boldface indicates the results of our method only.

Method |TextVQA ChartQA AI2D OCRBench HallBench MME MMB-EN MMB-CN|Avg.
Upper Bound, All 1296 Tokens (100%)

Qwen2.5-VL-7B ‘ 84.5 86.4 84.2 869 47.7 2303.4 83.9 82.8 84.0
Retain 512 Tokens (| 60.5%)

DivPrune (CVPR25) 78.8 77.1 79.6 760 42.2 2188.4 81.7 80.4 78.1

CDPruner (NeurIPS25) 66.2 67.5 72.9 625 39.9 2122.4 79.6 78.3 71.6

HiPrune (AAAI26) 75.8 74.2 79.3 679 40.5 2176.5 80.3 80.1 75.9

EADP (Qurs) 78.6 76.2 79.5 744 42.2 2213.3 81.6 80.8 78.0
Retain 256 Tokens (| 80.2%)

DivPrune (CVPR25) 74.0 67.0 774 665 36.4 2173.0 80.5 78.3 73.6

CDPruner (Neur IPS25) 55.1 56.8 69.8 509 34.4 2017.6 77.6 4.7 65.0

HiPrune (AAAI26) 64.2 56.7 74.1 579 37.3 2153.2 78.4 79.0 69.4

EADP (Qurs) 73.8 67.4 78.7 668 38.7 2202.0 80.2 78.5 74.3
Retain 128 Tokens (| 90.1%)

DivPrune (CVPR25) 66.1 51.1 73.7 516 31.2 2054.9 774 77.3 66.4

CDPruner (NeurIPS25) 44.7 47.2 68.3 389 27.8 1876.7 73.3 1.7 58.2

HiPrune (AAAI26) 51.1 41.3 72.3 497 31.2 2026.8 75.0 76.2 62.3

EADP (Ours) 65.8 51.9 75.7 556 36.7 2137.9 78.4 76.4 68.4

Table 4: Performance comparison on Qwen3-VL-8B. Avg. denotes the average
performance across 10 benchmarks. Boldface indicates the results of our method only.

Method ‘TextVQA ChartQA AI2D OCRBench HallBench MME MMB-EN MMB-CN DocVQA InfoVQA‘Avg.
Upper Bound, All 1024 Tokens (100%)

Qwen3-VL-8B ‘ 83.8 82.3 86.3 855 51.2 2440.2 86.3 84.6 94.5 66.4 ‘ 84.3
Retain 512 Tokens (| 50.0%)

DivPrune (CVPR25) 75.0 59.8 78.6 658 41.0 2217.5 82.1 79.4 74.6 46.0 71.3

CDPruner (Neur IPS25) 4.5 62.0 76.9 660 41.6 2199.8 81.0 79.3 72.3 47.3 71.1

EADP (Ours) 75.2 65.9 7.7 673 42.5 2261.1 81.6 79.7 7.7 49.9 73.1
Retain 256 Tokens (| 75.0%)

DivPrune (CVPR25) 69.5 47.5 75.2 595 38.7 2185.3 80.0 78.8 55.8 38.3 65.3

CDPruner (NeurIPS25) 68.5 51.9 74.1 601 41.3 2200.6 79.8 80.0 53.0 37.6 65.6

EADP (Ours) 71.4 55.5 75.7 625 42.8 2202.4 80.5 78.9 62.8 42.3 68.2
Retain 128 Tokens (| 87.5%)

DivPrune (CVPR25) 62.6 37.0 72.4 499 36.7 2136.3 77.0 76.6 39.5 33.8 59.2

CDPruner (NeurIPS25) 60.6 40.4 7.7 515 34.7 2153.8 77.9 77.5 37.8 32.5 59.2

EADP (Ours) 66.1 43.6 73.6 550 40.2 2200.2 79.9 78.4 45.3 35.3 62.7

experiments on LLaVA-Video [71], a VLM tailored for video reasoning. As shown
in Tab. [f] EADP consistently achieves the best performance across all configura-
tion. When the pruning ratio reaches 81.1%, our method achieves 57.0 average
accuracy, only 4.2 lower than original performance and outperforms all baselines.
Importantly, the performance gap becomes more pronounced as the pruning ratio
increases, suggesting that EADP better identifies temporally and semantically
critical tokens, preventing severe information loss under high compression. More
detailed results are provided in the supplementary materials.

5.5 Efficiency Analysis

We evaluate the computational efficiency of EADP in terms of prefill time, end-to-
end inference latency and FLOPs. All metrics are averaged across 2,000 instances
equally sampled from VizWiz, TextVQA, POPE, and MME. Tab. [f] presents our
main results on LLaVA-1.5-7B under three visual token budgets. Additional results
on different architectures are detailed in the supplementary material. Compared to
the unpruned LLaVA-1.5-7TB, EADP consistently delivers significant acceleration.
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Table 5: Performance comparison on LLaVA- Table 6: Efficiency analysis on LLaVA-

Video-7B with 64 frames per video. 1.5-7B.
Method |[MVBench LongVideoBench Video-MME|Avg.  Method | Prefill(ms) Latency(ms) FLOPs(G)
Upper Bound, All 6} x 169 Tokens (100%) Upper Bound, All 576 Tokens (100%)

LLaVA-Video-7TB 60.4 58.7 64.4 ‘ 61.2 LLaVA-1.5-7B ‘ 207.4 256.8 4489.8
Retain 64 x 64 Tokens (| 62.1%) Retain 128 Tokens (| 77.8%)

DivPrune (CVPR25) 55.2 58.7 61.2 58.4 DivPrune (CVPR25) 109.6 (x1.9) 158.0 (x1.6) 1529.9 (x2.9)

CDPruner (NeurIPS25) 54.1 57.4 60.9 57.5 CDPruner (NeurIPS25) | 135.9 (x1.5) 183.3 (x1.4) 1538.3 (x2.9)

HiPrune (AAAI26) 54.0 56.0 59.0 56.3 HiPrune (AAAI26) 99.4 (x2.0) 150.1 (x1.7)  1529.9 (x2.9)

EADP (Ours) 55.7 57.9 62.0 58.5 EADP (0urs) 118.8 (x1.7) 169.3 (x1.5) 1538.4 (x2.9)
Retain 64 x 32 Tokens (| 81.1%) Retain 64 Tokens (| 88.9%)

DivPrune (CVPR25) 53.7 55.7 59.2 56.2 DivPrune (CVPR25) 92.7 (x2.2) 1404 (x1.8) 1107.0 (x4.1)

CDPruner (NeurIPS25) 53.2 55.4 58.3 55.6 CDPruner (NeurIPS25) | 105.9 (x2.0) 157.3 (x1.6) 1115.5 (x4.0)

HiPrune (AAAT26) 51.1 54.9 56.0 540  HiPrune(AAAI26) 85.7 (x2.4)  137.6 (x1.9) 1107.0 (x4.1)

EADP (Ours) 54.5 56.6 60.4 57.2  EADP (Ours) 97.0 (x2.1) 147.7 (x1.7) 1115.6 (x4.0)
Retain 64 x 16 Tokens (| 90.5%) Retain 32 Tokens (| 94.4%)

DivPrune (CVPR25) 52.1 5.7 57.9 500  DivPrune(CVPR25) 79.8 (x2.6)  128.3 (x2.0)  895.6 (x5.0)

CDPruner (Neur IPS25) 50.2 53.8 56.3 53.4 CDPruner (NeurIPS25) | 85.8 (x2.4) 137.46 (x1.9) 904.1 (x5.0)

HiPrune (AAAI26) 488 52.0 53.8 515  HiPrunc(AAAI26) 74.8 (x2.8) 126.54 (x2.0) 895.6 (x5.0)

EADP (Ours) 52.6 54.5 57.3  |sa8 EADP(0urs) 81.9 (x2.5) 129.63 (x2.0) 904.1 (x5.0)

Table 7: Ablation studies on core design choices. We evaluate the impact of various
hyperparameters and algorithmic variants across five benchmarks. All experiments are
conducted using LLaVA-1.5-7B with a fixed budget of 128 visual tokens.

VizWiz SQA TextVQA POPE MME Avg. VizWiz SQA TextVQA POPE MME Avg.
global-dense balancing coefficient polarization value
u=0.0 57.8 688 56.2 84.6 14219 67.7 5=0.0 58.0 68.8 55.9 86.7 1395.4 67.8
n=02 582 689 563 85.9 14220 68.1  5—05 579 69.1  56.0 87.0 1394.9 67.9
pn=0.5 579 69.0 56.5 87.2 1439.0 68.5 B8=2.0 57.8  69.1 56.5 87.2 1412.4 68.2
p=08 580 689 565 864 1440.6 683 5 50 5e'0 600 566  87.3 14141 683
p=10 575 687 561 873 14222 681 5_100 568 688 564  87.2 1430.0 682
It OBt spatial smoothing size

¢=03 582 69.0 566  87.2 14372 68.6
q=05 580 690 565  87.2 14300 685 & 579 686 557 869 14134 67.9
q=0.7 574 683 56.0 86.7 1420.1 67.9 size=3 58.0  69.0 56.5 87.2 1439.0 68.5
1—09 571 682 558 864 14110 676 S7e=> 579 692 565  87.2 1435.0 685
agaregation method size=7 579 69.1 563  87.2 1435.3 68.4

(1) 58.0 69.0  56.5 87.2 1439.0 68.5 how to measure dispersion degree

(2) 571 683 559 87.0 1430.2 68.0 (A) 58.0 69.0  56.5 87.2 1439.0 68.5
3) 580 69.2  56.5 87.2 1434.3 68.5 (B) 57.9 693  56.4 87.2 1429.8 68.4
(4) 58.3 689  56.3 87.4 14419 68.6 (C) 57.9 692  56.4 87.3 1435.1 68.5

For instance, retaining 128 tokens reduces FLOPs by nearly 66% while achieving
a 1.75x speedup in prefill time and a 1.50x speedup in end-to-end latency. When
compared to existing approaches such as DivPrune and HiPrune, EADP exhibits
a marginal computational overhead which originates from the dense scoring.
However, considering the superior performance, this minimal overhead represents
a highly worthwhile trade-off. We further report a wall-clock time analysis for
the different components of our method in supplementary material.

5.6 Ablation Studies

Ablation on the global-dense balancing coefficient. The coefficient
balances the global and dense guidance score. Relying purely on dense guidance
score (u = 0.0) yields the lowest performance. As we increase p, the performance
steadily improves and peak at p = 0.5. This trend demonstrates that global scene
representation provides an indispensable foundation for holistic understanding,
while fine-grained dense alignment serves as a crucial supplement for details.
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Ablation on the polarization value. The hyperparameter § is designed
to sharpen the score map, distinctively prioritizing salient region. Disabling
polarization (8 = 0.0) significantly degrades performance. Interestingly, the
performance reaches a plateau when 8 > 1.0, indicating that the submodular
maximization is highly robust.

Ablation on the keep proportion. We analyze the impact of preserving only
a proportion g of text tokens with lowest entropy while calculating the dense
guidance score. Notably, aggressively discarding 70% of text tokens (¢ = 0.3)
achieves the highest score, which strongly corroborates our core motivation:
high-entropy text tokens correspond to dispersed, uninformative visual attention.
Ablation on spatial smoothing size. Spatial smoothing is crucial for obtaining
contiguous scores maps. Compared to the case applying a 3 x 3 or 5 x 5 kernel,
removing the smoothing ("w.0.") leads to a distinct performance degradation.
This confirms that enforcing spatial coherence is essential, which could mitigate
the impact of localized noise and guide the submodular optimizer to select
structurally complete semantic regions.

Ablation on aggregation method. For weighting the semantic relevance scores
of the filtered texts (see Eq. (7)), we consider four styles: (1) using the weighted
inverse entropy, (2) averaging over the top-k scores, (3) using the gated L1 norm,
and (4) our proposed method. As shown in Tab. 7] after removing noisy texts,
effectively weighting each visual score computed from the remaining text tokens
is beneficial, whereas the simple mean operation (Style 2) yields smaller gains
than the other three. For simplicity and robustness, we ultimately adopt style 4.
Ablation on dispersion measurement. We explored three statistics to quantify
the degree of dispersion: (A) entropy, (B) central mass ratio, and (C) variance. As
shown in Tab. [7] we found that these schemes achieve comparable performance,
demonstrating that the noise-filtering process is robust to the choice of statistic.
More details of the ablation studies can be referred to the supplementary material.

6 Conclusion

In this work, we investigate the failure modes of visual token pruning in VLMs and
identify textual noise dispersion and feature fragmentation as critical bottlenecks.
To address these issues, we introduce EADP, which reformulates visual pruning as
a structured compression task. EADP elegantly quantifies and filters textual noise
via statistical entropy to yield robust instruction relevance scores. Furthermore,
by casting token selection as a facility location submodular maximization problem
with spatial priors, EADP explicitly guarantees holistic and non-redundant visual
coverage. Extensive experiments across diverse VLM architectures demonstrate
that EADP achieves state-of-the-art performance, robustly preserving fine-grained
visual cues under strict token budgets and significantly advancing the accuracy-
efficiency trade-off for practical VLM deployment.
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