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Abstract001

Multimodal Large Language Models (MLLMs)002
have demonstrated impressive capabilities, yet003
they encounter significant computational bot-004
tlenecks due to the massive volume of visual005
tokens. Consequently, visual token pruning,006
which substantially reduces the token count,007
has emerged as a critical technique for acceler-008
ating MLLM inference. Existing approaches009
focus on token importance, diversity, or an in-010
tuitive combination of both, without a princi-011
pled framework for their optimal integration.012
To address this issue, we first conduct a sys-013
tematic analysis to characterize the trade-off014
between token importance and semantic diver-015
sity. Guided by this analysis, we propose the016
Importance and Diversity Pruner (IDPruner),017
which leverages the Maximal Marginal Rele-018
vance (MMR) algorithm to achieve a Pareto-019
optimal balance between these two objectives.020
Crucially, our method operates without requir-021
ing attention maps, ensuring full compatibil-022
ity with FlashAttention and efficient deploy-023
ment via one-shot pruning. We conduct exten-024
sive experiments across various model archi-025
tectures and multimodal benchmarks, demon-026
strating that IDPruner achieves state-of-the-027
art performance and superior generalization028
across diverse architectures and tasks. Notably,029
on Qwen2.5-VL-7B-Instruct, IDPruner retains030
95.18% of baseline performance when pruning031
75% of the tokens, and still maintains 86.40%032
even under an extreme 90% pruning ratio.033
Our code is available at https://anonymous.034
4open.science/r/IDPruner-B4B6/.035

1 Introduction036

Multimodal Large Language Models (MLLMs)037

have achieved significant success in artificial in-038

telligence. These models typically encode images039

or videos into sequences of visual tokens, which040

are then processed together with textual inputs by041

the language model to generate text responses (Liu042
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Figure 1: Performance comparison across four archi-
tectures and eight benchmarks. IDPruner (outermost
boundary) consistently outperforms baselines in both (a)
aggregated performance across four diverse MLLM
architectures and (b) fine-grained benchmark break-
down for Qwen2.5-VL. This demonstrates the superior
cross-architecture generalization and task-specific ro-
bustness of our method.

et al., 2023b,a). For instance, Qwen2.5-VL gener- 043

ates approximately 2,691 visual tokens when pro- 044

cessing a single 1080p image (1920×1080), with 045

each token representing a 28×28 pixel patch. The 046

high number of visual tokens creates a heavy com- 047

putational burden, limiting the efficiency and prac- 048

tical deployment of MLLMs (Zhou et al., 2024). 049

Thus, visual token pruning (Wang et al., 2025; Shao 050

et al., 2025), which aims to reduce the number of vi- 051

sual tokens while maintaining model performance, 052

has emerged as a critical technique for achieving 053

efficient MLLM inference. 054

Existing pruning strategies generally fall into 055

two categories: importance-based and diversity- 056

based methods. Importance-based approaches 057

(Chen et al., 2024a; Yang et al., 2025b,a) select 058

salient tokens, focusing on foreground objects, but 059

often sacrificing the background context essential 060

for global reasoning. In contrast, diversity-based 061

methods (Alvar et al., 2025; Zou et al., 2025) max- 062

imize semantic coverage to reduce redundancy but 063

risk retaining task-irrelevant noise while missing 064

fine-grained details. Recent hybrid approaches 065

(Zhang et al., 2024c, 2025a; Li et al., 2025) attempt 066
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Figure 2: Overview of the IDPruner framework. Left: Integration of our one-shot visual token pruning into
the MLLM inference pipeline. Right: The core mechanism computes Importance Scores (Red) and a Similarity
Matrix (Blue), utilizing an MMR selection process to harmonize importance and diversity. This approach operates
without attention maps and remains compatible with FlashAttention.

to combine these complementary criteria but lack067

rigorous analysis, relying on intuition-based inte-068

gration that yields suboptimal performance. There-069

fore, a systematic analytical framework is needed070

to characterize the interaction between importance071

and diversity and derive optimal integration strate-072

gies.073

To address this, we first conduct a systematic074

analysis to investigate the trade-off between to-075

ken importance and semantic diversity. As shown076

in Figure 3, our analysis reveals that current ap-077

proaches fail to effectively balance these two crit-078

ical dimensions. To overcome this limitation, we079

introduce the Importance and Diversity Pruner080

(IDPruner), a novel pruning strategy designed to081

balance these criteria optimally. Specifically, as082

illustrated in Figure 2, we cast visual token prun-083

ing as a re-ranking problem in information retrieval084

and adapt the Maximal Marginal Relevance (MMR)085

(Carbonell and Goldstein-Stewart, 1998) algorithm086

to model the interplay between token importance087

and semantic diversity explicitly. This approach se-088

lects tokens that jointly maximize both importance089

and diversity.090

IDPruner achieves state-of-the-art performance,091

as demonstrated by comprehensive evaluations on092

multimodal benchmarks. Notably, on the Qwen2.5-093

VL-7B-Instruct model, even under an extreme com-094

pression ratio of 90%, our method retains 86.40%095

of the baseline performance, significantly outper-096

forming existing competitive approaches. Cru-097

cially, unlike progressive pruning strategies that098

dynamically change sequence lengths, IDPruner099

performs one-shot pruning at an early stage, which100

makes it easier to integrate into inference engines 101

like vLLM (Kwon et al., 2023). Furthermore, our 102

method works without requiring attention infor- 103

mation, ensuring full compatibility with FlashAt- 104

tention (Dao et al., 2022) to maximize inference 105

efficiency. 106

The main contributions of this work are summa- 107

rized as follows: 108

• We conduct a systematic analysis to charac- 109

terize the trade-off between token importance 110

and semantic diversity, providing a theoretical 111

basis for their integration. 112

• We propose IDPruner, which adapts the Max- 113

imal Marginal Relevance (MMR) algorithm 114

to visual token pruning, enabling the optimal 115

harmonization of importance and diversity. 116

• Extensive experiments demonstrate that our 117

method achieves state-of-the-art performance 118

and exceptional cross-architecture generaliza- 119

tion, as visualized in Figure 1, while support- 120

ing one-shot pruning and FlashAttention ac- 121

celeration, offering a practical solution for ef- 122

ficient MLLM deployment. 123

2 Related work 124

Large Multimodal Models and Visual Token 125

Pruning. Recent Multimodal Large Language 126

Models (MLLMs) (Liu et al., 2023a; Wang et al., 127

2024; Zhu et al., 2025b) have demonstrated im- 128

pressive capabilities across various visual tasks, 129

yet they encounter significant computational bottle- 130

necks due to the massive volume of visual tokens. 131

Static-resolution models like LLaVA-1.5 (Liu et al., 132
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2023a) and LLaVA-NeXT (Liu et al., 2024a) re-133

quire 576 and 2,880 input tokens per image, re-134

spectively, while newer architectures such as the135

Qwen-VL (Bai et al., 2025), LLaVA-OneVision136

(Li et al., 2024a), and InternVL (Zhu et al., 2025b)137

series demand comparable token budgets for high-138

resolution processing. Consequently, visual token139

pruning, which eliminates unnecessary tokens, has140

emerged as a crucial technique for accelerating141

MLLM inference. Current research typically falls142

into two categories: importance-based methods and143

diversity-based methods.144

Importance-based Token Pruning. Importance-145

based approaches reduce computational overhead146

by retaining only the most salient tokens. Early147

studies rely on attention scores from LLM decoder148

layers (Chen et al., 2024a; Zhang et al., 2024e;149

Xing et al., 2024; Zhang et al., 2025b; Ye et al.,150

2025; Han et al., 2025), while subsequent research151

discovers that the attention of the [CLS] token in Vi-152

sion Transformers (ViT) provides a more effective153

importance measure (Yang et al., 2025b; Liu et al.,154

2025; Zhang et al., 2024d; Tong et al., 2025). To155

mitigate limitations such as FlashAttention incom-156

patibility, recent work has introduced alternative157

metrics, including optimal transport and L2 norms158

(Yang et al., 2025a; Dhouib et al., 2025). Beyond159

training-free methods, approaches like VisionSelec-160

tor (Zhu et al., 2025a) employ learnable modules to161

estimate token importance, achieving state-of-the-162

art performance through end-to-end training. De-163

spite their effectiveness in capturing region-specific164

details, these methods often overlook global con-165

text, potentially causing information loss in back-166

ground areas.167

Diversity-based Token Pruning. Diversity-based168

approaches aim to preserve information coverage169

by regarding visual tokens as a collective set, mini-170

mizing redundancy to retain a representative subset171

of visual features. DivPrune (Alvar et al., 2025)172

formulates this task as a Max-Min Diversity Prob-173

lem, solving it via a greedy algorithm to maximize174

semantic coverage, while DART (Wen et al., 2025)175

employs a parallelizable strategy that selects pivot176

tokens and eliminates their nearest neighbors to177

maintain diversity. However, maximizing redun-178

dancy reduction often comes at the cost of miss-179

ing fine-grained details in focal regions, as these180

methods may indiscriminately retain task-irrelevant181

noise.182

Hybrid Strategies. Synergizing importance and di-183

versity typically yields superior performance com-184

pared to single-criterion methods. VisPrune (Zhang 185

et al., 2024c) allocates token budgets based on 186

both [CLS] attention and diversity, while CDPruner 187

(Zhang et al., 2025a) employs Determinantal Point 188

Processes (DPP) to balance these objectives. Other 189

approaches explore alternative integration strate- 190

gies, such as ensuring spatial coverage via region- 191

based allocation (Zou et al., 2025; Arif et al., 2025) 192

or modeling pruning as a set cover problem to opti- 193

mize multimodal coverage (Li et al., 2025; Deng 194

et al., 2025). Although effective, these methods 195

typically rely on heuristic integration strategies 196

without a systematic analytical framework. In this 197

work, we address this limitation by introducing a 198

systematic framework that optimally harmonizes 199

importance and diversity. 200

3 An Empirical Analysis of the 201

Importance-Diversity Trade-off 202

3.1 Quantifying Importance and Diversity 203

Visual token pruning strategies typically focus 204

on either importance-based selection or diversity 205

preservation; however, balancing these two goals 206

remains challenging. To systematically analyze 207

the relationship between these two paths, we first 208

reformulate the visual token pruning problem. 209

Definition 1 (Visual Token Pruning). Let V = 210

{v1, v2, . . . , vN} denote the set of N visual to- 211

kens, where each token vi ∈ Rd represents a d- 212

dimensional feature vector. Visual token pruning 213

aims to select a subset S ⊂ V with |S| = K < N 214

tokens, where K is a pre-defined budget constraint. 215

To decouple the combining strategy from any 216

specific importance estimator, we pre-define an im- 217

portance vector w representing the weight of each 218

token, regardless of how w is calculated. Based on 219

this, we define the retention metric: 220

Definition 2 (Importance Retention Ratio). The
importance retention ratio of a subset S is defined
as the normalized sum of retained scores:

I(S) =
∑

vk∈S wk∑
vi∈V wi

This metric quantifies the proportion of total infor- 221

mation retained by the subset, ranging from 0 to 222

1. 223

In contrast to importance, which focuses on indi- 224

vidual token utility, we characterize the spatial dis- 225

tribution of the selected subset using the Hopkins 226

Statistic (Hopkins and Skellam, 1954), a measure 227
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that quantifies the degree of clustering in a dataset.228

A high Hopkins value indicates strong clustering,229

meaning that selected tokens concentrate in specific230

semantic regions and thus exhibit high redundancy.231

Definition 3 (Diversity Metric via Hopkins Statis-232

tic). Let S denote the selected token subset with233

|S| = m. We construct a reference set R by ran-234

domly sampling m points from the same feature235

space as S . Let d(x,Y) denote the cosine distance236

from point x to its nearest neighbor in set Y . The237

Hopkins Statistic is defined as:238

H(S) =
∑

r∈R d(r,S)∑
r∈R d(r,S) +

∑
v∈S d(v,S \ {v})

239

In this formulation, S \ {v} denotes the set dif-240

ference, representing the subset S excluding the241

specific token v to ensure the distance is calculated242

against its nearest neighbor.243

Intuitively, H(S) → 1 indicates high redun-244

dancy due to significant clustering, while H(S)→245

0 signifies a regularly spaced distribution with max-246

imal semantic diversity.247

3.2 Simulation on Real Token Manifolds248

To identify the optimal strategy for harmonizing249

importance and diversity, we conduct a system-250

atic analysis to explore their interaction. Specifi-251

cally, we employ real visual tokens extracted from252

the Vision Transformer of the Qwen2.5-VL-7B-253

Instruct model as feature vectors. Real features254

are essential as they preserve complex manifold255

structures—such as semantic clustering and spar-256

sity—that synthetic data typically fails to capture.257

For token importance, we adopt a randomized258

approach where the score for each token is sampled259

independently from a uniform distribution U(0, 1).260

This setup decouples the evaluation of selection261

strategies from the bias of any specific pre-trained262

importance scorer.263

We evaluate five representative strategies that264

make different trade-offs between importance and265

diversity:266

• Greedy Importance: Selects tokens with the267

highest importance scores, ignoring diversity.268

• Greedy Diversity: Iteratively selects the to-269

ken that maximizes distance to the current270

subset via Farthest Point Sampling (Resende271

et al., 2010), prioritizing diversity over impor-272

tance.273

• Naive Hybrid: A two-stage approach that 274

first selects top-k tokens by importance, then 275

applies Farthest Point Sampling within this 276

subset. 277

• Determinantal Point Processes (DPP): Mod- 278

els diversity probabilistically via the determi- 279

nant of a kernel matrix (Macchi, 1975). 280

• Maximal Marginal Relevance (MMR): A 281

joint optimization framework that explicitly 282

balances importance and redundancy. We pro- 283

vide the detailed formulation of this mecha- 284

nism in Section 3.3. 285

3.3 The Maximal Marginal Relevance (MMR) 286

Mechanism 287

Maximal Marginal Relevance (MMR) (Carbonell 288

and Goldstein-Stewart, 1998) provides a frame- 289

work for this joint optimization. Initially proposed 290

for information retrieval, the core idea of MMR is 291

that an ideal result set should balance two criteria: 292

high relevance to the query and low redundancy 293

among selected items. 294

Adapting this principle to visual token pruning, 295

the algorithm iteratively selects the token v∗ from 296

the candidate set V\S that maximizes the following 297

objective: 298

v∗ =arg max
vi∈V\S

[
λ · Imp(vi)

− (1− λ) ·max
vj∈S

Sim(vi, vj)
] 299

where V represents the set of all visual tokens, S 300

denotes the currently selected subset, Imp(·) rep- 301

resents the normalized importance score, Sim(·, ·) 302

measures the pairwise similarity between tokens, 303

and λ is a hyperparameter balancing the two terms. 304

By subtracting the maximum similarity between 305

the candidate and the current subset S, the algo- 306

rithm explicitly penalizes tokens that are seman- 307

tically close to any already selected token, while 308

prioritizing important tokens. 309

3.4 Comparative Analysis against Heuristic 310

Baselines 311

We conducted the simulation on 200 randomly sam- 312

pled images from the MMBench dataset (Yuan Liu, 313

2023) to systematically evaluate the efficacy of the 314

proposed strategies. 315

Figure 3 illustrates the trade-off between impor- 316

tance retention and diversity for each strategy. The 317

theoretical optimum resides in the top-left corner, 318
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Figure 3: Pareto Frontier Analysis. We visualize the
trade-off between the Hopkins Statistic (H) and the
Importance Retention Ratio (I). The ideal pruning
strategy should approach the top-left corner, achiev-
ing a high Importance Retention Ratio (I → 1) while
minimizing the Hopkins Statistic (H → 0). The MMR
mechanism (Orange) constructs a superior Pareto fron-
tier that strictly dominates the Naive Hybrid strategy
(Purple) and envelopes the DPP solution (Green).

corresponding to subsets that maximize I while319

minimizing H , thereby maximizing diversity. As320

illustrated, the single-objective baselines occupy321

the sub-optimal extremes: Greedy Importance (Red322

node) achieves maximum I at the cost of a high323

Hopkins Statistic (H ≈ 1), whereas Greedy Diver-324

sity (Blue node) minimizes H but suffers from a325

low Importance Retention Ratio.326

Crucially, the trajectory generated by MMR (Or-327

ange curve) forms a superior Pareto Frontier. It328

strictly dominates the Naive Hybrid strategy (Pur-329

ple curve), maintaining a higher I for any given330

level of H , confirming the efficacy of our joint op-331

timization framework. Furthermore, it effectively332

envelopes the DPP solution (Green node), demon-333

strating that our joint optimization framework pro-334

vides the most robust mechanism for harmonizing335

these conflicting objectives.336

4 Harmonizing Importance and Diversity337

via MMR338

4.1 Token Importance Estimation339

The analysis in Section 3 has demonstrated that the340

MMR mechanism effectively harmonizes diversity341

and importance. However, applying this frame-342

work in practice requires a computable importance343

metric.344

To this end, we adopt the importance estima-345

tion mechanism of VisionSelector (Zhu et al., 346

2025a), which currently represents the state-of-the- 347

art among importance-based pruning approaches. 348

Specifically, this method employs a trainable es- 349

timation module coupled with a differentiable se- 350

lection mechanism, DiffTopK, to learn token im- 351

portance through end-to-end training. To maintain 352

consistency with the training phase, we utilize the 353

output of the DiffTopK mechanism as our raw im- 354

portance scores, denoted as w. 355

However, since MMR involves a direct subtrac- 356

tion between importance and similarity, both met- 357

rics must have comparable scales to prevent one 358

from dominating the selection process. We there- 359

fore apply min-max normalization to the raw impor- 360

tance vector w to define the normalized importance 361

metric: 362

Imp(vi) =
wi −min(w)

max(w)−min(w) + ϵ
363

where ϵ is a small constant for numerical stability. 364

This procedure maps importance scores to the in- 365

terval [0, 1], ensuring they are commensurate with 366

the similarity constraint. 367

4.2 Quantifying Collective Redundancy 368

In addition to importance, the MMR framework 369

requires a metric to quantify semantic redundancy. 370

In the latent feature space of MLLMs, tokens rep- 371

resenting similar visual concepts tend to cluster 372

together. Thus, we define the pairwise similarity 373

between a candidate token vi and a reference token 374

vj using cosine similarity: 375

Sim(vi, vj) =
v⊤i vj
∥vi∥∥vj∥

376

where ∥·∥ denotes the Euclidean norm. This metric 377

enables the algorithm to identify tokens that are 378

semantically similar to those already selected. 379

4.3 IDPruner: An MMR-based Selection 380

Strategy 381

Building upon the normalized importance and se- 382

mantic similarity metrics defined above, we for- 383

mally present the Importance and Diversity Pruner 384

(IDPruner). This method harmonizes the two con- 385

flicting objectives within the MMR framework to 386

iteratively construct the optimal subset. At each 387

step t, IDPruner selects the token v∗ from the re- 388

maining candidates V \ St−1 by maximizing the 389

following objective: 390

v∗ = arg max
vi∈V\St−1

[λ · Imp(vi)− (1− λ) ·mi] 391
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Method AI2D ChartQA DocVQA MMBCN MMB MME MMStar OCRBench POPE SQA VQAText
Avg

EM Relaxed Anls Score Score Score Avg Acc Acc EM EM

Baseline 82.48 83.68 94.90 80.41 83.08 1702 61.88 85.30 87.80 88.45 82.74 100.0%

Retain 25% Tokens (75% Compression Ratio)
Importance-based methods
FastV 75.68 68.20 81.20 73.20 76.12 1636 51.08 43.00 85.20 83.49 80.06 87.16%
VisionZip 77.40 67.20 71.48 76.12 78.78 1637 54.86 46.50 85.76 83.99 76.21 87.55%
HiPrune 77.49 68.60 73.52 76.03 78.09 1619 54.43 47.10 86.02 84.18 76.43 87.80%
VisionSelector 79.60 72.00 93.24 75.86 78.78 1688 55.78 72.50 86.74 85.08 80.39 94.22%
Diversity-based methods
DivPrune 77.98 62.00 85.32 75.77 77.84 1650 52.97 58.40 85.88 83.94 75.88 89.26%
DART 74.35 60.80 78.90 73.88 76.72 1625 52.90 46.00 84.34 84.33 71.68 85.74%
Hybrid strategies
VisPruner 77.62 68.04 77.39 75.69 78.87 1657 54.01 48.70 85.68 84.18 75.17 88.31%
SCOPE 78.92 71.20 85.40 77.75 79.38 1684 56.86 61.70 86.78 85.23 79.66 92.51%
IDPruner 80.51 74.32 93.16 76.63 79.73 1695 56.49 74.00 87.06 85.52 80.83 95.18%

Retain 10% Tokens (90% Compression Ratio)
Importance-based methods
FastV 67.23 39.48 51.90 53.26 55.58 1332 38.02 24.10 76.31 79.28 72.59 68.07%
VisionZip 70.60 41.56 37.94 66.67 71.05 1462 45.19 23.40 81.06 83.24 61.06 71.84%
HiPrune 69.82 43.96 39.89 67.44 70.88 1438 45.04 23.70 80.70 82.65 62.51 72.22%
VisionSelector 74.81 62.68 87.00 68.99 71.65 1569 46.93 55.50 82.69 81.95 74.52 85.39%
Diversity-based methods
DivPrune 70.11 41.36 66.20 69.42 72.16 1529 44.46 31.80 81.91 80.96 62.72 76.09%
DART 67.88 34.84 49.86 63.92 67.35 1451 42.93 24.30 79.70 80.96 54.06 69.80%
Hybrid strategies
VisPruner 69.88 42.68 50.85 66.84 70.96 1442 44.14 24.40 81.03 81.11 59.66 72.60%
SCOPE 71.63 50.04 56.45 71.22 75.43 1608 48.74 34.10 84.10 82.25 70.61 79.35%
IDPruner 75.16 62.48 85.98 71.65 74.66 1618 47.48 53.90 85.43 82.80 74.43 86.47%

Table 1: Comparison results on comprehensive Image-Language benchmarks on Qwen-2.5-7B-Instruct.

where mi = maxvj∈St−1 Sim(vi, vj) represents392

the maximum similarity between the candidate vi393

and any token in the currently selected set, and394

λ ∈ [0, 1] is the hyperparameter balancing impor-395

tance and diversity.396

Algorithm 1 IDPruner
Require: Tokens V , Raw Importance Scores w,

Budget K, Hyperparameter λ
Ensure: Pruned subset S

1: Imp← (w−minw)/(maxw−minw+ ϵ)
2: S ← ∅,m← fill(N,−1.0)
3: for t = 1 to K do
4: if t = 1 then
5: v∗ ← argmaxvi∈V Imp(vi)
6: else
7: v∗ ← argmaxvi /∈S [λImp(vi) − (1 −

λ)mi]
8: end if
9: S ← S ∪ {v∗}

10: m← max(m,Sim(V, v∗))
11: end for
12: return S

To minimize computational overhead, we adopt397

an efficient updating strategy. Instead of recom-398

puting the similarity scores for all pairs at every399

step, we maintain a vector m ∈ RN that tracks 400

the maximum similarity for each candidate. Af- 401

ter selecting v∗, we simply update this vector: 402

mi ← max(mi,Sim(vi, v
∗)). This implementa- 403

tion reduces the computational complexity from 404

O(K2N) to O(KN), rendering the overhead neg- 405

ligible relative to the model’s forward pass. The 406

complete procedure is summarized in Algorithm 1. 407

5 Experiments 408

5.1 Experimental Setup 409

Model Architectures. We conduct our main ex- 410

periments on widely adopted MLLMs, including 411

Qwen2.5-VL-7B-Instruct (Bai et al., 2025) and 412

LLaVA-1.5-7B. (Liu et al., 2023b). 413

Evaluation benchmarks. We conduct compre- 414

hensive evaluations on image and video under- 415

standing tasks. For image-language understand- 416

ing, we employ 10 widely-used datasets: MME 417

(Fu et al., 2023), MMBench (Yuan Liu, 2023), 418

MMStar (Chen et al., 2024b), POPE (Li et al., 419

2023), ScienceQA (Lu et al., 2022), AI2D (Kem- 420

bhavi et al., 2016), TextVQA (Singh et al., 2019), 421

ChartQA (Masry et al., 2022), DocVQA (Mathew 422

et al., 2020), and OCRBench (Liu et al., 2024b). 423

For video-language understanding, we include 3 424

benchmarks: Vinoground (Zhang et al., 2024a), 425
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Method AI2D ChartQA DocVQA MMBCN MMB MME MMStar OCRBench POPE SQA VQAText
Avg

EM Relaxed Anls Score Score Score Avg Acc Acc EM EM

Baseline 52.78 18.12 24.09 50.17 62.20 1463 32.74 19.80 85.86 66.19 47.78 100.0%

Retain 128 Tokens (77% Compression Ratio)
Importance-based methods
FastV 50.58 13.84 12.69 46.13 57.90 1213 30.89 12.10 72.04 65.44 31.76 81.59%
VisionZip 50.81 16.80 19.93 48.88 60.05 1374 32.52 18.50 82.28 66.34 45.40 94.86%
HiPrune 51.98 17.00 20.79 49.74 60.14 1386 32.20 18.50 82.14 66.19 45.54 95.63%
VisionSelector 50.74 16.20 20.83 49.23 60.31 1379 34.22 18.40 83.06 66.39 45.29 95.51%
Diversity-based methods
DivPrune 51.65 16.36 18.58 46.13 57.99 1354 32.79 17.70 85.16 66.63 43.75 93.09%
DART 52.82 15.32 15.02 44.50 56.53 1309 30.55 14.00 77.08 66.04 34.90 85.69%
Hybrid strategies
VisPruner 51.68 16.56 20.05 49.74 60.57 1382 32.47 18.20 83.57 66.63 46.21 95.39%
SCOPE 51.30 17.20 21.56 49.14 60.22 1374 32.68 19.30 84.41 66.58 46.84 96.77%
IDPruner 51.55 17.40 21.55 49.23 60.40 1428 33.44 18.80 84.69 66.88 46.39 97.26%

Retain 64 Tokens (88% Compression Ratio)
Importance-based methods
FastV 49.42 12.24 9.74 40.38 47.08 964 27.78 4.00 61.38 63.71 17.69 66.68%
VisionZip 51.20 15.76 15.75 46.31 56.70 1289 31.40 16.40 78.18 66.44 42.75 89.14%
HiPrune 51.20 15.68 16.18 46.13 57.30 1257 31.15 17.40 78.17 66.48 43.00 89.56%
VisionSelector 50.65 15.12 17.29 46.65 58.33 1310 32.58 17.00 79.94 65.84 42.98 90.49%
Diversity-based methods
DivPrune 50.00 15.12 15.69 44.16 54.64 1271 31.68 15.70 84.18 66.44 40.83 87.82%
DART 51.55 15.20 12.35 40.29 53.26 1195 28.50 12.40 71.03 66.83 30.98 79.88%
Hybrid strategies
VisPruner 51.33 15.28 16.29 44.76 57.39 1315 31.02 17.00 81.20 66.73 43.45 89.77%
SCOPE 50.71 15.56 17.84 46.82 58.16 1320 32.18 17.70 83.07 66.63 44.33 91.90%
IDPruner 50.55 16.32 18.59 46.99 57.65 1329 31.49 17.30 83.83 66.68 44.73 92.34%

Retain 32 Tokens (94% Compression Ratio)
Importance-based methods
FastV 49.03 11.96 8.38 30.24 38.23 844 27.15 3.00 57.50 64.20 10.98 59.83%
VisionZip 51.17 14.04 13.10 39.35 50.43 1133 29.90 13.90 72.42 66.98 38.15 81.15%
HiPrune 51.42 14.32 13.22 39.95 51.98 1149 29.28 14.20 73.26 66.78 38.29 81.87%
VisionSelector 50.06 13.52 14.00 43.81 54.90 1194 32.07 14.80 75.04 65.49 38.94 84.12%
Diversity-based methods
DivPrune 50.74 14.20 12.25 37.89 51.72 1149 28.68 13.80 80.47 65.69 36.21 80.78%
DART 51.10 13.32 10.79 33.51 47.08 1069 29.17 10.70 63.86 67.58 25.35 73.03%
Hybrid strategies
VisPruner 51.59 14.28 12.95 37.97 50.95 1165 29.40 14.00 75.14 67.23 37.75 81.47%
SCOPE 51.17 15.00 14.91 43.64 55.58 1239 31.36 15.10 79.50 66.83 40.14 86.57%
IDPruner 51.23 14.80 15.11 44.76 55.50 1254 30.58 15.90 81.43 66.73 41.46 87.43%

Table 2: Comparison results on comprehensive Image-Language benchmarks on LLaVA-1.5-7B.

VideoMME (Fu et al., 2025), and SEED-Bench (Li426

et al., 2024b). To ensure fair comparison and repro-427

ducibility, we utilize the LMMs-Eval framework428

(Zhang et al., 2024b), strictly following the default429

settings and metrics for each task.430

Comparison methods. We compare IDPruner431

with representative state-of-the-art approaches432

across different paradigms, including importance-433

based methods like FastV (Chen et al., 2024a), Vi-434

sionZip (Yang et al., 2025b), HiPrune (Liu et al.,435

2025), and VisionSelector (Zhu et al., 2025a),436

diversity-based methods like DivPrune (Alvar et al.,437

2025) and DART (Wen et al., 2025), as well as hy-438

brid strategies that combine multiple criteria, such439

as VisPruner (Zhang et al., 2024c), and SCOPE440

(Deng et al., 2025).441

Implementation Details. Unless otherwise spec-442

ified, the hyperparameter λ of IDPruner, which443

balances importance and diversity, is set to 0.5. 444

5.2 Main Results 445

Results on Qwen2.5-VL-7B-Instruct. We evalu- 446

ate our method on Qwen2.5-VL-7B-Instruct under 447

25% and 10% token retention settings. As shown in 448

Table 1, IDPruner achieves state-of-the-art average 449

scores of 95.18% and 86.47%, respectively. Com- 450

pared to existing strategies, our method achieves 451

a better balance between keeping fine details and 452

maintaining global context. Specifically, for tasks 453

requiring fine details, such as OCRBench, our 454

method ranks among the top two, while also main- 455

taining global information to surpass VisionSelec- 456

tor on hallucination benchmarks, including POPE. 457

Consequently, on benchmarks such as MME and 458

AI2D, which require both overall understanding 459

and detailed capture, IDPruner demonstrates a clear 460
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lead over other methods.461

Results on LLaVA-1.5-7B. We extend our experi-462

ments to the LLaVA-1.5-7B model, which operates463

with a fixed resolution of 576 visual tokens per464

image. Accordingly, we evaluate performance un-465

der three distinct retention settings: 128, 64, and466

the extreme 32 tokens. As shown in Table 2, ID-467

Pruner consistently achieves state-of-the-art results468

across all pruning ratios. While VisionSelector is469

surpassed by the hybrid method SCOPE on this470

architecture, IDPruner maintains its lead, achiev-471

ing an average score of 87.43% even with only 32472

tokens, demonstrating its robustness across diverse473

architectures.474

In summary, our method exhibits remarkable475

performance consistency across a diverse range476

of architectures. Notably, strong baselines ex-477

hibit architecture-specific vulnerabilities; for in-478

stance, VisionSelector underperforms on LLaVA-479

1.5, whereas SCOPE loses competitiveness on the480

advanced LLaVA-OneVision-1.5, as detailed in Ap-481

pendix A. In contrast, IDPruner maintains excep-482

tional robustness. It consistently achieves state-of-483

the-art results across all evaluated models, validat-484

ing the universality of our framework in harmoniz-485

ing token importance and diversity.486

Method Vinoground VideoMME SEED-Bench Avg
Group Perception All

Baseline 20.20 61.33 74.12 100.0%

FastV 12.80 59.44 69.22 84.56%
VisionZip 12.80 59.67 72.11 85.98%
HiPrune 11.80 59.93 71.97 84.41%
VisionSelector 10.80 59.19 70.75 81.81%
DivPrune 14.00 58.00 72.11 87.06%
DART 12.60 59.52 71.27 85.19%
VisPruner 11.40 59.44 71.89 83.45%
SCOPE 12.80 60.00 72.63 86.40%
IDPruner 13.40 59.48 72.68 87.13%

Table 3: Comparison results on Video-Language bench-
marks on Qwen2.5-VL-7B-Instruct with 25% token
retention.

5.3 IDPruner for Video Understanding487

Beyond static image benchmarks, we extend ID-488

Pruner to video understanding tasks, evaluating489

its performance on Vinoground, VideoMME, and490

SEED-Bench at a 75% pruning ratio. As shown in491

Table 3, purely importance-based methods exhibit492

significant performance degradation. This is pri-493

marily due to their inability to handle the high tem-494

poral redundancy in videos. In contrast, diversity-495

based methods maintain strong performance with496

an average score of 87.06%. Notably, IDPruner497

achieves the best average performance of 87.13% 498

by jointly considering both the preservation of im- 499

portant details and the reduction of temporal redun- 500

dancy. 501

Method FA Prefill(ms) E2E Latency(ms)

VisPruner × 1459.95 1600.81
SCOPE × 1677.81 1818.40
IDPruner ✓ 1337.76 1478.32

Table 4: Efficiency analysis on Vinoground on
Qwen2.5-VL-7B-Instruct with 25% token retention.
FA: FlashAttention compatibility.

5.4 Efficiency and Practicality 502

We compare the efficiency of hybrid pruning strate- 503

gies on Qwen2.5-VL-7B using the Vinoground 504

benchmark at a 75% pruning ratio. As shown in Ta- 505

ble 4, IDPruner achieves the best efficiency among 506

hybrid strategies, due to its lightweight diversity 507

calculation and being attention-map-free. This de- 508

sign ensures full compatibility with FlashAttention, 509

yielding the lowest prefill time of 1337.76 ms and 510

an end-to-end latency of 1478.32 ms. 511

6 Conclusion 512

Recent progress in visual token pruning shows 513

that hybrid strategies are surpassing methods that 514

rely only on importance or diversity, becoming 515

the new standard in this field. However, there 516

is a lack of systematic analysis on how to effec- 517

tively harmonize these two objectives. In this study, 518

we provide a framework to analyze this trade-off 519

and demonstrate that the Maximal Marginal Rel- 520

evance (MMR) mechanism is an effective strat- 521

egy to achieve an optimal balance. Based on this 522

insight, we propose IDPruner, a method that ex- 523

plicitly balances token importance and semantic 524

redundancy. Extensive evaluations show that our 525

method achieves state-of-the-art performance and 526

remains robust across different model architectures. 527

We believe this work offers a solid foundation for 528

systematically balancing importance and diversity, 529

enabling more efficient MLLMs. 530
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A Additional Experimental Results789

A.1 Results on Qwen2.5-VL-3B-Instruct790

To evaluate the scalability of our method on smaller791

language models, we conduct experiments on792

Qwen2.5-VL-3B-Instruct. As shown in Table793

5, IDPruner consistently outperforms competitive794

baselines at both 25% and 10% token retention ra-795

tios. Notably, when retaining 25% of the tokens,796

our method achieves an average score of 94.42%,797

effectively matching the unpruned baseline. Even798

under the aggressive 10% retention setting, ID-799

Pruner maintains a high average performance of800

85.71%, outperforming the second-best method801

(VisionSelector) by 1.29%.802

A.2 Results on803

LLaVA-OneVision-1.5-8B-Instruct804

We further assess the cross-architecture general-805

ization on LLaVA-OneVision-1.5-8B-Instruct,806

which integrates advanced visual encoding strate-807

gies. As shown in Table 6, IDPruner achieves808

the best results among existing state-of-the-art809

methods. Under the 25% retention setting, our810

method achieves an average score of 92.00%, out-811

performing the strongest baseline, VisionSelector,812

by 0.37%. In the more challenging 10% reten-813

tion scenario, IDPruner exhibits strong robustness,814

achieving an average score of 81.55%. It signifi-815

cantly outperforms purely importance-based meth-816

ods such as VisionZip and HiPrune, which suffer817

from severe degradation due to the loss of global818

context. Additionally, it surpasses the competitive819

VisionSelector by 1.44%, confirming that harmo-820

nizing importance and diversity is particularly ef-821

fective for advanced architectures.822

B Ablation Study: Integration Strategies823

and Hyperparameters824

We investigate the efficacy of different integration825

strategies and the impact of the hyperparameter λ,826

which controls the trade-off between token impor-827

tance and diversity. Using VisionSelector as the828

fixed base importance estimator, we compare our829

IDPruner (MMR) mechanism against two repre-830

sentative baselines: a determinantal point process831

based method (DPP) and a Naive Hybrid strategy832

that combines importance filtering with Farthest833

Point Sampling (FPS). Table 7 summarizes the re-834

sults on Qwen2.5-VL-7B-Instruct at a 25% token835

retention ratio.836

Superiority of MMR Mechanism. The integra- 837

tion strategy plays a pivotal role in model perfor- 838

mance. As evidenced in Table 7, IDPruner con- 839

sistently outperforms the Naive Hybrid strategy 840

across comparable λ settings and also surpasses 841

the DPP-based baseline. The Naive Hybrid ap- 842

proach typically prioritizes tokens with the highest 843

importance scores before applying Farthest Point 844

Sampling (FPS) to enhance diversity. However, this 845

two-stage paradigm fails to address the inherent re- 846

dundancy among high-importance tokens, resulting 847

in a selected subset that lacks sufficient diversity. 848

In contrast, IDPruner employs a unified scoring 849

mechanism that simultaneously manages impor- 850

tance and redundancy. By dynamically penalizing 851

semantically repetitive tokens during selection, our 852

method achieves a more effective balance, thereby 853

demonstrating superior robustness over heuristic 854

hybrid strategies. 855

Hyperparameter Selection. The hyperparameter 856

λ controls the balance between token importance 857

and semantic diversity. For IDPruner, the perfor- 858

mance follows an inverted U-shape pattern, peak- 859

ing at λ = 0.5 with an average performance of 860

95.56%. This confirms that setting λ = 0.5 suc- 861

cessfully strikes an optimal balance between token 862

importance and semantic diversity, enabling ID- 863

Pruner to leverage both properties for maximum 864

performance. 865

C Limitations 866

Despite the promising results achieved by ID- 867

Pruner, we acknowledge certain limitations in this 868

study. First, constrained by computational re- 869

sources, we have not yet evaluated our method 870

on long-context video understanding benchmarks. 871

This restricts the comprehensive verification of our 872

method’s effectiveness in scenarios involving ex- 873

tremely long temporal sequences, thereby limiting 874

the scope of applicable scenarios. Second, due to 875

time constraints, we did not conduct a fine-grained 876

measurement or exhaustive search for the hyper- 877

parameter λ. While the current settings demon- 878

strate strong robustness, a more thorough optimiza- 879

tion could potentially yield further performance 880

improvements. 881

D Visualization 882

To intuitively understand how IDPruner harmo- 883

nizes importance and diversity compared to ex- 884

isting approaches, we visualize the spatial distri- 885
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Method AI2D ChartQA DocVQA MMBCN MMB MME MMStar OCRBench POPE SQA VQAText
Avg

EM Relaxed Anls Score Score Score Avg Acc Acc EM EM

Baseline 79.11 83.56 92.48 73.28 77.32 1517 56.05 80.10 87.41 80.81 78.79 100.0%

Retain 25% Tokens (75% Compression Ratio)
Importance-based methods
FastV 72.70 70.04 75.98 63.40 66.92 1437 47.39 36.60 86.42 79.33 73.51 86.02%
VisionZip 74.19 71.32 70.11 67.35 71.22 1452 49.37 42.50 85.51 81.36 68.12 87.34%
HiPrune 73.83 72.76 72.10 67.27 72.34 1449 48.93 41.30 85.86 80.91 69.27 87.67%
VisionSelector 75.19 73.72 90.24 68.81 72.59 1521 49.97 61.80 85.36 80.37 76.86 93.62%
Diversity-based methods
DivPrune 73.06 62.96 78.46 67.10 71.82 1459 48.38 51.40 86.81 80.22 68.91 88.15%
DART 71.08 65.20 79.72 65.38 71.05 1428 48.78 41.80 80.97 80.91 68.25 86.17%
Hybrid strategies
VisPruner 74.29 68.20 72.52 67.35 70.88 1458 49.74 44.80 86.59 81.46 69.62 87.87%
SCOPE 75.84 74.00 82.40 68.81 72.94 1471 50.35 56.00 86.62 80.96 74.04 91.98%
IDPruner 75.94 75.84 90.00 69.42 73.80 1505 49.49 64.90 86.26 80.42 76.90 94.42%

Retain 10% Tokens (90% Compression Ratio)
Importance-based methods
FastV 65.87 29.72 36.89 48.37 51.98 1257 37.28 13.90 79.50 77.05 57.75 65.30%
VisionZip 67.65 51.60 37.88 59.62 63.06 1338 42.82 21.40 81.14 80.47 51.56 72.75%
HiPrune 67.75 53.20 41.15 59.45 63.14 1326 41.08 20.30 80.90 80.96 53.31 73.00%
VisionSelector 70.50 65.92 79.94 59.97 64.69 1374 42.86 45.20 82.66 80.61 71.57 84.42%
Diversity-based methods
DivPrune 67.71 43.12 58.03 61.25 65.12 1389 40.43 27.90 82.24 79.18 56.87 75.50%
DART 67.49 47.56 60.23 57.99 63.83 1299 42.18 23.40 74.20 78.63 58.02 74.09%
Hybrid strategies
VisPruner 67.75 47.92 48.65 59.28 63.32 1305 41.51 22.50 78.74 79.77 54.95 73.19%
SCOPE 69.75 56.24 55.01 64.26 67.18 1390 44.35 30.80 83.34 80.47 62.58 79.37%
IDPruner 71.79 63.32 79.38 63.57 68.21 1438 44.05 45.50 84.51 80.57 70.02 85.71%

Table 5: Comparison results with different methods on Qwen2.5-VL-3B-Instruct.

Method AI2D ChartQA DocVQA MMBCN MMB MME MMStar OCRBench POPE SQA VQAText
Avg

EM Relaxed Anls Score Score Score Avg Acc Acc EM EM

Baseline 84.20 86.40 97.87 78.52 85.31 1594 68.25 80.90 88.91 98.76 79.65 100.0%

Retain 25% Tokens (75% Compression Ratio)
Importance-based methods
FastV 74.48 39.16 56.53 70.36 77.66 1440 50.21 33.60 81.53 89.19 52.54 75.05%
VisionZip 69.95 27.48 23.69 65.89 75.26 1419 47.01 20.80 80.46 84.78 36.15 65.14%
HiPrune 70.27 19.76 21.01 63.57 72.51 1339 46.58 19.60 77.29 81.36 30.21 61.59%
VisionSelector 77.85 76.32 94.08 74.74 80.07 1569 57.42 55.50 86.73 94.70 77.53 91.63%
Diversity-based methods
DivPrune 78.85 65.52 81.53 73.20 80.67 1533 56.68 51.50 88.14 91.42 75.00 88.12%
DART 77.82 69.00 84.77 72.25 79.81 1564 56.80 46.90 84.77 93.11 73.89 87.83%
Hybrid strategies
VisPruner 75.45 45.88 61.00 69.93 76.55 1468 50.68 36.70 85.82 89.24 69.01 79.01%
SCOPE 78.21 54.84 75.68 70.27 78.18 1505 54.52 46.60 87.02 90.18 72.77 84.30%
IDPruner 79.18 74.48 91.82 73.71 81.27 1588 57.97 57.80 88.13 95.14 77.50 92.00%

Retain 10% Tokens (90% Compression Ratio)
Importance-based methods
FastV 70.95 22.72 29.77 62.46 69.07 1303 43.66 16.70 73.83 82.35 38.71 62.08%
VisionZip 69.14 19.64 13.20 58.16 65.38 1259 42.12 12.00 76.59 78.53 21.28 56.09%
HiPrune 68.39 16.24 12.86 56.01 63.83 1208 42.13 9.10 73.72 77.29 18.97 53.92%
VisionSelector 73.38 61.00 71.31 68.04 74.91 1466 50.74 34.60 82.62 88.05 67.67 80.11%
Diversity-based methods
DivPrune 73.74 37.68 56.57 67.18 73.80 1477 46.31 30.10 85.33 86.51 65.98 75.02%
DART 72.80 40.48 52.77 63.14 70.19 1378 47.42 27.30 75.79 84.88 61.58 71.65%
Hybrid strategies
VisPruner 69.82 25.20 35.18 61.77 67.70 1375 43.24 18.20 78.33 84.23 54.53 65.46%
SCOPE 72.05 33.04 47.65 66.07 73.54 1471 48.25 25.70 84.11 85.97 61.02 72.35%
IDPruner 74.45 57.92 70.43 69.67 75.69 1511 50.02 38.70 85.02 88.70 72.37 81.55%

Table 6: Comparison results with different methods on LLaVA-OneVision-1.5-8B-Instruct.
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Method AI2D ChartQA DocVQA MME OCRBench POPE SQA VQAText
Avg

EM Relaxed Anls Score Acc Acc EM EM

Baseline 82.48 83.68 94.90 1701 85.30 87.80 88.45 82.74 100.00

Strategy 1: DPP + VisionSelector
DPP+VisionSelector 79.70 73.36 93.02 1691 73.00 86.96 84.73 80.69 94.95

Strategy 2: IDPruner (MMR Mechanism)
IDPruner (λ = 0.1) 78.08 67.36 87.94 1680 62.00 86.59 83.59 77.65 90.78
IDPruner (λ = 0.3) 80.05 73.88 91.26 1671 70.50 86.91 84.09 79.69 94.10
IDPruner (λ = 0.5) 80.51 74.32 93.16 1695 74.00 87.06 85.52 80.83 95.56
IDPruner (λ = 0.7) 80.25 74.12 93.35 1710 74.00 87.07 85.13 80.75 95.56
IDPruner (λ = 0.9) 79.66 72.72 93.29 1705 72.80 86.96 84.88 80.61 94.97

Strategy 3: Naive Hybrid Selector
Hybrid (λ = 0.1) 78.79 66.52 86.90 1700 59.90 86.09 83.64 78.12 90.47
Hybrid (λ = 0.3) 79.50 72.72 90.71 1704 62.60 86.56 83.34 79.91 92.73
Hybrid (λ = 0.5) 79.95 74.36 92.20 1702 64.30 87.17 84.33 80.82 93.84
Hybrid (λ = 0.7) 79.18 75.08 93.10 1680 66.40 86.63 84.83 80.94 94.10
Hybrid (λ = 0.9) 79.31 73.84 93.42 1681 71.90 86.66 84.58 80.45 94.69

Table 7: Ablation study of integration strategies on Qwen2.5-VL-7B-Instruct with 25% token retention. We use
VisionSelector as the base importance scorer. λ controls the trade-off between importance and diversity.

bution of retained visual tokens across multiple886

samples. Figure 4 presents a comparison of token887

selection masks under a 25% retention ratio. As888

consistently observed across diverse scenes, Di-889

vPrune tends to produce a uniform distribution,890

often overlooking semantic details. VisionSelec-891

tor overly concentrates on foreground objects at892

the expense of background information coverage.893

In contrast, IDPruner successfully balances both,894

capturing salient features while maintaining essen-895

tial background context necessary for global rea-896

soning.897

E Empirical Verification of Non-Negative898

Similarity899

A potential concern regarding the MMR mecha-900

nism is the behavior of the redundancy penalty901

term, (1− λ) · Sim(vi, vj). If the cosine similarity902

Sim(vi, vj) were to yield negative values (imply-903

ing an angle θ > 90◦ between feature vectors), the904

intended penalty would transform into a reward.905

To address this validity concern, we empirically906

analyzed the geometric properties of the visual to-907

ken space. We randomly selected 100 images from908

the MMBench dataset and computed the pairwise909

angles between all visual tokens extracted from the910

Qwen2.5-VL-7B-Instruct model.911

As illustrated in Figure 5, the distribution of pair-912

wise angles exhibits a distinct pattern. The distri-913

bution is overwhelmingly concentrated within the914

range of [0◦, 85◦], with a peak density at approx-915

imately 74◦. Crucially, there is zero probability 916

mass beyond the 90◦ threshold (indicated by the 917

red dashed line). 918

Since Sim(vi, vj) = cos(θij) and cos(θ) ≥ 0 919

for all θ ∈ [0◦, 90◦], this empirical evidence con- 920

firms that all similarity scores in our framework 921

are strictly non-negative. Consequently, the term 922

(1− λ) · Sim(vi, vj) consistently functions as a re- 923

dundancy penalty, validating the theoretical sound- 924

ness of our IDPruner formulation. 925

F Statement on the Use of AI Assistants 926

In accordance with the ACL submission policies, 927

we hereby declare the use of AI assistants in the 928

preparation of this manuscript. We utilized AI as- 929

sistants for writing refinement, including grammar 930

correction, vocabulary enhancement, and proof- 931

reading to improve readability. We emphasize 932

that all scientific claims, experimental designs, 933

core concepts, and logical arguments presented in 934

this work are the original contributions of the au- 935

thors. All AI-generated content was meticulously 936

reviewed and verified by the authors to ensure ac- 937

curacy and adherence to academic standards; the 938

authors assume full responsibility for the content 939

of this paper. 940
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Original Image DivPrune VisionSelector IDPruner (Ours)

Figure 4: Visualization of retained visual tokens across different samples from MMBench. Columns from
left to right: Original Image, DivPrune, VisionSelector, and IDPruner. DivPrune maintains global coverage but
often neglects the semantic subject. VisionSelector clusters heavily on salient objects, resulting in redundancy and
background loss. IDPruner achieves a superior balance, preserving intricate details of the subject while maintaining
essential background context for global reasoning.

Figure 5: Distribution of pairwise angles between vi-
sual tokens. We calculated the angles for all token pairs
across 100 images from MMBench using Qwen2.5-VL-
7B. The distribution is entirely concentrated within the
acute angle range (< 90◦), peaking around 74◦. The
absence of obtuse angles (> 90◦, right of the red dashed
line) guarantees that the cosine similarity metric remains
strictly non-negative.
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