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Abstract001

Large Vision-Language Models (LVLMs) ex-002
cel at visual understanding but face severe com-003
putational bottlenecks when processing high-004
resolution images and long videos due to mas-005
sive visual token counts. Token pruning mit-006
igates this by selectively removing less infor-007
mative tokens while maintaining performance.008
However, existing methods vary widely in prun-009
ing location (vision encoder vs. LLM decoder),010
importance criteria (attention vs. similarity011
vs. learned scores), and application strategy,012
lacking systematic comparison. This survey013
presents the first comprehensive review of to-014
ken pruning for LVLMs. We propose a tax-015
onomy categorizing methods into vision-side,016
LLM-side, and hybrid paradigms, systemati-017
cally analyze token selection mechanisms and018
pruning strategy. We further discuss evaluation019
protocols and identify key challenges including020
prompt-adaptive pruning and hardware-aware021
design. Our survey provides a structured foun-022
dation for this rapidly growing research area.023

1 Introduction024

Large Vision–Language Models (LVLMs), such as025

GPT-4V (Achiam et al., 2023), the LLaVA fam-026

ily (Liu et al., 2023a, 2024a,b), Qwen-VL (Wang027

et al., 2024), and the BLIP family (Li et al., 2022),028

have demonstrated remarkable capabilities in mul-029

timodal understanding, reasoning, and generation.030

By integrating powerful visual encoders with large031

language models, LVLMs enable a wide range of032

applications, including visual question answering033

(Singh et al., 2019), video understanding (Zhou034

et al., 2025), multimodal retrieval (Abootorabi035

et al., 2025), and agentic reasoning (Yao et al.,036

2025). These advances make LVLMs a promising037

foundation for real-world systems that require both038

perception and reasoning.039

However, this performance comes at a signifi-040

cant computational cost. Modern LVLMs typically041

rely on Vision Transformer (ViT)-based encoders042

(e.g., CLIP (Radford et al., 2021), SigLIP (Zhai 043

et al., 2023)) that partition an image into a large 044

number of patch tokens. The number of visual to- 045

kens scales rapidly with image resolution, video 046

length, and multi-image inputs, leading to long mul- 047

timodal input sequences. During inference, these 048

tokens must be processed by the language model 049

in the prefill stage, where full self-attention is com- 050

puted over all visual and textual tokens. As a result, 051

inference cost scales quadratically with the total 052

token length, making visual tokens a dominant bot- 053

tleneck and limiting the scalability of LVLMs in 054

latency-sensitive and resource-constrained settings. 055

A key challenge underlying this inefficiency is 056

visual token redundancy: many visual tokens 057

contribute little to the final prediction for a given 058

prompt or task, yet still incur substantial computa- 059

tional and memory cost. Visual token pruning has 060

emerged as a distinct and promising direction that 061

directly targets redundancy at the token level. It 062

select a compact subset of visual tokens from the 063

original visual sequence in order to reduce compu- 064

tational and memory costs while preserving task- 065

relevant information. This process can be imple- 066

mented through token dropping, masking, routing, 067

replacement, or reweighting mechanisms, and can 068

be applied at different stages of the LVLM pipeline. 069

Despite the rapid growth of research in this area, 070

there is currently no systematic and comprehensive 071

survey that focuses specifically on visual token 072

pruning in LVLMs. Existing surveys primarily ad- 073

dress efficiency in large language models through 074

model compression (Zhu et al., 2024; Cheng et al., 075

2025), or discuss token compression in multimodal 076

models at a high level without detailed analysis 077

of pruning mechanisms and design choices (Shao 078

et al., 2025). This leaves an important gap in under- 079

standing the design space, trade-offs, and practical 080

implications of visual token pruning. In this survey, 081

we aim to fill this gap by providing the first struc- 082

tured and in-depth review of visual token pruning 083
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methods for LVLMs. We organize existing ap-084

proaches into a principled taxonomy consisting of085

vision-side token pruning, LLM-side visual token086

pruning, and hybrid vision–LLM pruning, reflect-087

ing where pruning is applied and what signals it088

relies on. This novel classification highlights fun-089

damental differences in pruning granularity, adap-090

tivity, and computational impact, and provides a091

unified framework for comparing methods across092

architectures and tasks. We further analyze token093

importance estimation strategies, compare pruning094

with related efficiency techniques, review evalu-095

ation protocols, and discuss open challenges and096

future directions.097

The remainder of this article is organized as fol-098

lows. Section 2 introduces background on LVLMs099

and visual token pruning. Section 3 reviews prun-100

ing methods according to our taxonomy. Sec-101

tion 4 compares pruning with related efficiency102

techniques and discusses evaluation practices. Sec-103

tion 5 presents widely used benchmarks and exper-104

iment protocols. Finally, Sections 6 and 7 discuss105

future directions and limitations, respectively.106

2 Background107

In this section, we introduce background knowl-108

edge on Large Vision–Language Models and the109

corresponding problem formulation for Visual To-110

ken Pruning in LVLMs.111

2.1 Large Vision-Language Models112

Given an input image I and a text prompt T , LVLM113

inference proceeds in three stages. First, a vision114

encoder Ev maps the image into a sequence of115

visual tokens, where N equals the patch number:116

V = Ev(I) = {v1, v2, . . . , vN}, vi ∈ Rd.117

Second, a multimodal projector f , which project118

the vision tokens to align with the language space:119

Hv = f(V ) ∈ RN×d. Finally, a language model120

gθ accepts the concatenation of visual tokens Hv121

and text tokens Ht = {t1, . . . , tM} and autore-122

gressively generates an output sequence Y =123

{y1, . . . , yL}:124

p(Y | I, T ) =
L∏

ℓ=1

p(yℓ | y<ℓ, Hv, Ht).125

From a computational perspective, inference in126

LVLMs can be divided into two phases. During the127

prefill stage, the language model processes the en-128

tire input sequence, comprising both visual tokens129

from the vision encoder and textual prompt tokens, 130

in a single forward pass to compute their hidden 131

representations, after which the first output token 132

is generated. This stage incurs high computational 133

of O(N2
N+M) and activation memory cost because 134

self-attention scales quadratically with the total 135

number of input tokens. In the subsequent autore- 136

gressive decoding stage, new tokens are generated 137

one at a time using cached key–value (KV) states; 138

at decoding step ℓ, the forward pass only computes 139

attention for the newly generated token against all 140

previously cached tokens, resulting in linear per- 141

step complexity O(NN+M + ℓ). Consequently, the 142

prefill stage is substantially more expensive than 143

decoding when the input contains many visual to- 144

kens. As a result, reducing the number of visual 145

tokens before or during prefill yields significantly 146

larger efficiency gains than pruning strategies that 147

operate only during the decoding stage. 148

2.2 Visual Token Pruning 149

Visual token pruning refers to the process of select- 150

ing a compact subset of visual tokens from the orig- 151

inal visual sequence in order to reduce computa- 152

tional and memory costs while preserving minimal 153

performance loss through reserving task-relevant 154

information. 155

Formally, given an image encoded 156

as a sequence of N visual tokens 157

Hv = {h1, h2, . . . , hN}, hi ∈ Rd, 158

pruning constructs a reduced sequence 159

H̃v = {hi | i ∈ I}, I ⊆ {1, . . . , N} 160

with a token budget enforced either by a fixed 161

number |I| = K, K ≪ N , or by a keep ratio 162

r ∈ (0, 1], |I| = ⌈rN⌉. 163

It is important to distinguish visual token prun- 164

ing from related but different techniques: token 165

merging combines similar tokens instead of re- 166

moving them; KV-cache pruning reduces memory 167

and attention cost during decoding by discarding 168

cached key–value states without affecting prefill 169

(Zhang et al., 2023, 2025b); pooling or conden- 170

sation compresses groups of semantically related 171

tokens into compact representations (Han et al., 172

2025); and structural weight pruning removes 173

model parameters (e.g., attention heads or feed- 174

forward blocks) to reduce FLOPs (Liang et al., 175

2025a). While complementary, these methods op- 176

erate at different levels of the model and target 177

different efficiency bottlenecks. 178
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ToDRE (Li et al., 2025b), 

MustDrop (Liu et al., 2024c),
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IVTP (Huang et al., 2024),
STAR (Guo et al., 2025), 

Glimpse (Zeng et al., 2025),
Vscan (Zhang et al., 2025a), 

AIM (Zhong et al., 2025),
CATP (Li et al., 2025e)

Similarity-based Pruning
LLaVA-PruMerge (Shang et al., 2025), 

DivPrune (Alvar et al., 2025)

Attention-based Pruning
FoPru(Jiang et al., 2024), HoloV (Zou et al., 2025), 

VisPruner (Zhang et al., 2025c),  HiRED (Arif et al., 2025),
PTP  (Liang et al., 2025b)

One-shot Methods
AdaptPrune (Luan et al., 2025), DART (Wen et al., 2025),

Libra-Merging (Yang et al., 2025a), GreedyPrune (Pei et al., 2025)

Progressive Attention-based
FastV (Chen et al., 2024), PyramidDrop  (Xing et al., 2025),

FEATHER  (Endo et al., 2025), SparseVLM (Zhang et al., 2025e),
TransPrune  (Li et al., 2025a),  ATP-LLaVA (Ye et al., 2025b),

PLPHP (Meng et al., 2025), FitPrune (Ye et al., 2025a)

Progressive Multi-factor
 Ctp2Fic (Lei et al., 2025), LVLM_CSP (Chen et al., 2025a),

PAR (Suo et al., 2025), V2Drop (Chen et al., 2025b)
FrameFusion (Fu et al., 2025d), MoB (Li et al., 2025d)

Is this artwork 

displayed in cannon 

hall museum?

Semantic-aware Pruning Pruning
 MFPruner (Luo et al., 2025), MMG-Vid (Ma et al., 2025b), 

CDPruner (Zhang et al., 2025d), ALTP (Bai et al., 2025)

Figure 1: Comparison of three pruning paradigms. Pipelines flow top-to-bottom. Dashed arrows indicate what
signals the pruner uses. Green blocks contain the LLM-side pruning methods; blue blocks contain the vision-side
pruning methods; red blocks summarize the hybrid pruning methods.

3 LVLMs Token Pruning179

In this section, we discuss token pruning strategy180

based on where and how the token number is re-181

duced, divided the methods into vision-side, LLM-182

side and hybrid token pruning.183

3.1 Vision-side Token Pruning184

Vision-side token pruning operate entirely before185

cross-modal interaction, typically within or right186

after the ViT-based visual encoders, and aim to187

reduce the number of visual tokens injected into188

the LLM without relying on language guidance. In189

this work, we define the vision-side pruning as any190

pruning operation that reduces or transforms prior191

to the prefill stage.192

3.1.1 Similarity-based Pruning193

Similarity-based pruning mainly focuses on reduc-194

ing token redundancy by identifying a minimal195

subset of tokens with high diversity, such that the196

selected tokens collectively preserve information197

close to that of the original token set. LLaVA-198

PruMerge combines [cls] attention sparsity with199

key-similarity clustering to prune and merge redun-200

dant visual tokens (Shang et al., 2025). DivPrune201

can also be seen as a similarity-based method with202

a diversity-driven criterion that maximizes the min-203

imum pairwise distance among retained visual to- 204

kens (Alvar et al., 2025). 205

3.1.2 Semantic-aware Pruning 206

Beyond similarity-based redundancy reduction, an- 207

other line of work focuses on visual-encoder-side 208

pruning guided by alternative importance criteria. 209

These methods explicitly incorporate task seman- 210

tics or cross-modal signals to inform token selec- 211

tion, rather than relying solely on visual similarity. 212

Some approaches leverage text–image relevance 213

as a complementary pruning signal. CDPruner for- 214

mulates visual token pruning as a diversity maxi- 215

mization problem under textual guidance, using 216

Determinantal Point Processes (DPP) to jointly 217

balance visual token similarity and instruction rel- 218

evance—measured by cosine similarity between 219

text embeddings and image tokens—within a uni- 220

fied probabilistic framework (Zhang et al., 2025d). 221

MFPruner fuses [CLS] attention, token similarity, 222

and instruction relevance and make pruning de- 223

cision via voting mechanism (Luo et al., 2025). 224

ALTP targets grounded conversational generation 225

by introducing locality-aware pruning, preserving 226

object-centric tokens via region partitioning and 227

density-adaptive token allocation (Bai et al., 2025). 228

In video task, temporal becomes another semantic 229

dimension. MMG-Vid exploits temporal coher- 230
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ence via three-stage pruning: it segments videos231

by frame similarity, dynamically allocates budgets232

to maximize marginal gain (reducing allocation233

for redundant segments), and selects tokens with a234

strategy which prioritizes tokens novel to the selec-235

tion history while salient in the current frame (Ma236

et al., 2025b).237

3.1.3 Attention-based Pruning238

Attention statistics from the visual encoder have239

also been widely adopted as importance indica-240

tors. FoPru estimates token importance by aver-241

aging attention maps across heads and selecting242

the row or column with higher variance to identify243

salient tokens, as these tokens may have more in-244

fluence towards others (Jiang et al., 2024). PTP ex-245

tends attention-based pruning with a pyramid-style246

importance modeling strategy by first computing247

region-level saliency using [CLS] attention to al-248

locate token budgets across spatial regions, then249

performs token-level selection within each region250

based on [CLS]–to–patch attention, and finally re-251

fines the selected tokens using instruction-aware252

relevance (Liang et al., 2025b). In contrast, HoloV253

addresses the over-localization issue inherent in254

attention-first pruning by combining [CLS] atten-255

tion for saliency estimation with intra-crop token256

variance to encourage semantic diversity. It further257

allocates token budgets adaptively across spatial258

crops to preserve holistic visual context (Zou et al.,259

2025). VisPruner performs two-stage pruning af-260

ter the projector by first keeping important tokens261

based on [CLS] attention, and then iteratively re-262

moves redundant tokens by token similarity (cosine263

similarity) to retain a diverse complement under a264

fixed budget (Zhang et al., 2025d). HiRED simi-265

larly adopts a two-stage strategy, before the projec-266

tor, first using early-layer [CLS] attention to esti-267

mate content distribution across image partitions,268

and then selecting top-K informative tokens based269

on [CLS] attention of layer 22 (Arif et al., 2025).270

By aggregating complementary signals, such ap-271

proaches mitigate common failure modes of single-272

criterion pruning, such as attention collapse or se-273

mantic bias toward dominant visual regions.274

3.2 LLM-side Token Pruning275

Since vision-side token pruning reduces the num-276

ber of visual tokens before the LLM generation277

process, it directly lowers the computational cost278

at the prefill stage. In contrast, LLM-side pruning279

methods do not modify the visual encoder; instead,280

they leverage language-model behavior during the 281

prefill or decoding stages, typically by exploiting 282

prompt–visual interactions to identify and drop less 283

informative visual tokens. 284

3.2.1 One-shot Pruning 285

This line of work in LLM-side token pruning make 286

the pruning decision for one time. 287

Several methods exploit token similarity to iden- 288

tify redundancy. Specifically, they identify and 289

prune similar tokens while retaining a diverse sub- 290

set to preserve information for generation. For 291

example, AdaptPrune reframes token pruning as an 292

adaptive non-maximum suppression process that 293

jointly considers attention, spatial distance, and to- 294

ken similarity, pruning visual tokens for one time 295

in the early layer of LLM (Luan et al., 2025). In 296

contrast, DART reframes the problem from token 297

importance to token duplication. Rather than rely- 298

ing on attention scores, DART removes redundant 299

visual tokens in one early layer by measuring em- 300

bedding similarity to a small set of pivot tokens, 301

ensuring diverse token retention (Wen et al., 2025). 302

Libra-Merging is a hybrid pruning and merge 303

method, also resolving the importance–redundancy 304

dilemma by selecting representative tokens from 305

spatial intervals and performing similarity-aware 306

grouped merging with compensation tokens (Yang 307

et al., 2025a). GreedyPrune formulates token se- 308

lection as a combinatorial optimization problem 309

that jointly optimizes semantic saliency and visual 310

diversity, solving it via an efficient greedy strategy 311

and finish the token pruning after the first layer for 312

only one time (Pei et al., 2025). 313

3.2.2 Progressive Pruning 314

Progressive pruning reduces computation by ex- 315

ploiting the fact that token utility evolves during 316

inference, allowing different pruning operations to 317

be applied progressively rather than in a single step. 318

Attention-based. In shallow layers (layers 1-2), at- 319

tention in relatively balances across all token types, 320

with image tokens actively aggregating visual in- 321

formation through self-attention, while in deeper 322

layers, attention becomes extremely imbalances – 323

system prompts receive 472× higher attention effi- 324

ciency than image tokens, capturing 85% of total 325

attention (Chen et al., 2024). 326

Based on this observation, FastV removes visual 327

tokens with persistently low cross-modal attention 328

after layer 2, as it noticed in deeper LVLM lay- 329

ers the visual tokens receives much less attention 330
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than system prompts in deep layers, significantly331

reducing computation with minimal accuracy loss332

(Chen et al., 2024). PyramidDrop extended the333

idea by exploiting the layer-wise growth of visual334

redundancy by retaining all tokens in shallow lay-335

ers and progressively dropping less informative336

tokens in deeper layers (Xing et al., 2025). To337

eliminate the positional bias within LLM layers,338

FEATHER uses RoPE-free attention from the last339

text token as the primary criteria, ensembles it with340

uniform sampling criteria in early layers for cover-341

age, and applies aggressive pruning with the refined342

attention criteria in later layers (Endo et al., 2025).343

While FastV successfully identifies inefficient vi-344

sual attention in deep layers, its pruning strategy re-345

mains fundamentally text-agnostic, SparseVLM ad-346

dresses this limitation through text-aware guidance,347

arguing that pruning should be question-adaptive348

(Zhang et al., 2025e).349

Both FastV and SparseVLM posit that visual to-350

kens become progressively less important in deeper351

layers, justifying increasingly aggressive pruning.352

However, this assumption of monotonic attention353

decline lacks empirical validation across diverse354

LVLM architectures. PLPHP discovers the Vi-355

sion Token Re-attention phenomenon where vi-356

sual attention resurges in deep layers and further357

introduces per-layer, per-head retention rates, en-358

abling more adaptive pruning strategy (Meng et al.,359

2025). FitPrune is also a progressive pruning360

method, which take the self-attention score and361

cross-attention score as criterion and prunes the362

visual tokens during every layer during decoding363

time (Ye et al., 2025a).364

Besides using attention score itself as an impor-365

tance metric, there are also some variant based on366

attention. TransPrune evaluates token importance367

via Token Transition Variation through layers of368

token’s self attention, capturing both magnitude369

and directional changes across layers, and enables370

training-free, multi-stage pruning guided by rep-371

resentation dynamics (Li et al., 2025a). Related372

method such as ATP-LLaVA Leverages dual cri-373

teria of redundancy scores (averaged self-modal374

and cross-modal attention) and spatial scores (2D375

RoPE-enhanced uniform sampling) with learnable376

thresholds to achieve instance-wise and layer-wise377

adaptive pruning (Ye et al., 2025b).378

Multi-factor. Progressive pruning can also be lead379

by different pruning criteria through the stages with380

different rentention goals. Multi-factor methods381

jointly consider multiple pruning goals such as382

diversity and importance, and use different com- 383

putation algorithms to balance between criteria. 384

V2Drop adopts a variation-aware criterion, mea- 385

suring token importance by representation changes 386

between consecutive transformer layers. Tokens ex- 387

hibiting low variation are considered redundant and 388

progressively removed by three times during infer- 389

ence, enabling pruning without relying on attention 390

statistics (Chen et al., 2025b). Ctp2Fic combines 391

shallow-layer text-guided pruning with deep-layer 392

semantic clustering in a coarse-to-fine manner (Lei 393

et al., 2025). MoB formulates visual token pruning 394

as a bi-objective covering problem and theoretically 395

characterizes the trade-off between visual preser- 396

vation and prompt alignment under fixed budgets, 397

which first choose visual tokens nearest to prompts 398

tokens and then choose the farthest tokens to the 399

chosen tokens to increase the diversity (Li et al., 400

2025d). LVLM_CSP adopts a three-stage progres- 401

sive pruning framework across LLM decoder layers 402

with first the clustering stage using Seg-First cri- 403

teria or [cls] attention scores, scattering stage re- 404

activates all tokens for fine-grained reasoning, and 405

finally retains top tokens ranked by [SEG] token’s 406

attention scores (Chen et al., 2025a). 407

In video tasks, FrameFusion performs similarity- 408

based token merging at shallow layers, where vi- 409

sual redundancy across adjacent frames is most 410

pronounced, and permanently removes merged to- 411

kens. At deeper layers, where semantic importance 412

becomes more discriminative, FrameFusion applies 413

importance-based pruning using cumulative self- 414

attention scores to further satisfy computational 415

budgets (Fu et al., 2025d). 416

Besides the training free methods, PAR prunes 417

visual tokens across all 32 LLM layers using a 418

meta-router and simultaneously skips redundant 419

layers in the last 16 layers based on learnable layer 420

controller embeddings’ importance scores, opti- 421

mized via self-supervised DPO by minimizing KL 422

divergence between pruned and original outputs. 423

(Suo et al., 2025). 424

3.3 Hybrid Vision–LLM Pruning 425

Hybrid vision–LLM pruning methods determine 426

visual token importance by jointly leveraging vi- 427

sual structure and language semantics, explicitly 428

coupling visual token reduction with linguistic rel- 429

evance signals. The pruning strategy may happen 430

on both vision-side and LLM-side with different 431

guidance. By integrating cues from both modali- 432

ties, these methods aim to improve task alignment 433
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and robustness under aggressive pruning budgets,434

at the cost of increased complexity or additional435

supervision. These methods adopt a multi-stage436

pruning strategy across both vision-side and LLM-437

side, leveraging information from both modalities.438

MustDrop is a typical hybrid pruning method439

with three pruning stages with different goals:440

it removes spatially redundant tokens and retain441

key tokens across vision encoder, utilizes text-to-442

image attention score to guide pruning of text-443

irrelevant tokens during prefilling stage, and re-444

moves output-irrelevant tokens during decoding445

stage (Liu et al., 2024c). STAR performs two-stage446

pruning—early conservative visual self-attention447

pruning and later aggressive cross-modal attention448

pruning—balancing feature preservation with task449

relevance (Guo et al., 2025). ToDRE also adopts450

a two-stage strategy that first retains a diverse sub-451

set of visual tokens via greedy k-center selection452

before LLM decoder and then removes all remain-453

ing visual tokens once cross-modal attention be-454

comes negligible in deeper layers inside LLM lay-455

ers(Li et al., 2025b). IVTP is another two-stage456

pruning methods which stabilizes token importance457

using group-wise attention rollout on vision-side,458

and then pruning the text-irrelevant visual tokens459

again inside the LLM (Huang et al., 2024). CATP460

targets multimodal in-context learning by pruning461

image tokens based on cross-example and query-462

conditioned relevance. It adopts a two-stage prun-463

ing strategy: the first stage happen after projector464

and before decoder, maximizing text alignment465

and diversity; and the second stage progressively466

prunes tokens based on variation of token attention467

and query relevance (Li et al., 2025e).468

Some methods jointly perform token pruning469

and token merging. We summarize them as a com-470

plementary category of hybrid approaches, since471

they involve pruning and operate across both the472

vision- and LLM-side. AIM combines token merg-473

ing with token pruning, employing cosine similar-474

ity between embeddings as merging criteria before475

the LLM, then uses PageRank scores computed476

from self-attention weights as pruning criteria for477

progressive layer-wise token reduction within the478

LLM (Zhong et al., 2025). VisionDrop addresses479

cross-modal misalignment in LLMs by perform-480

ing training-free, visual-only token pruning across481

multiple stages (in both visual encoder and LLM482

decoder), combining dominant token selection with483

contextual merging to preserve fine-grained visual484

information (Xu et al., 2025). VScan demonstrates485

that the effectiveness of visual token pruning criti- 486

cally depends on when pruning is performed along 487

the LVLM pipeline, rather than solely on how to- 488

kens are scored. By revealing distinct roles of shal- 489

low vision layers and middle LLM layers, VScan 490

reframes token reduction as a stage-aware optimiza- 491

tion problem (Zhang et al., 2025a). 492

4 Comparison with Related Paradigms 493

Visual token pruning in LVLMs is closely related to 494

and sometimes cooperates with several efficiency- 495

oriented paradigms that also aim to reduce compu- 496

tation or memory cost. However, these paradigms 497

differ fundamentally from token pruning in terms 498

of what is reduced, where the reduction is applied, 499

and when the reduction takes effect. We summarize 500

the most relevant paradigms below and clarify their 501

conceptual differences from visual token pruning. 502

Token Merging and Token Compression. Token 503

merging and compression methods reduce the ef- 504

fective token count by aggregating or replacing 505

tokens rather than explicitly discarding them. A 506

representative example is ToMe, which introduces 507

a training-free token merging mechanism that pro- 508

gressively fuses similar tokens via fast bipartite 509

matching and proportional attention (Bolya et al., 510

2023). iLLaVA extends token merging to large 511

vision–language models by performing attention- 512

guided token merging in both the visual encoder 513

and the language model (Hu et al., 2024). Related 514

approaches such as VisionZip (Yang et al., 2025b), 515

FiCoCo (Han et al., 2025), LaCo (Liu et al., 2025), 516

LightVLM (Hu et al., 2025), and Fwd2Bot (Bulat 517

et al., 2025) further compress dense visual tokens 518

into compact semantic representations through clus- 519

tering, pooling, or learned summarization. Unlike 520

token pruning, these methods preserve information 521

through aggregation rather than removal, typically 522

offering higher stability but more limited aggres- 523

siveness under extreme compression budgets. 524

KV-cache Management and Adaptive Attention. 525

KV-cache based methods reduce decoding-time 526

memory footprint and attention computation by se- 527

lectively retaining or computing key–value states, 528

without modifying the input token sequence. Twi- 529

light generalizes sparse attention by replacing fixed- 530

budget top-k selection with adaptive top-p retention 531

(Lin et al., 2025). A-VL proposes a plug-and-play 532

adaptive attention mechanism that separately man- 533

ages visual and textual KV caches, dynamically re- 534

taining only critical visual states and a small local 535
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text window (Zhang et al., 2025b). These meth-536

ods primarily accelerate the decoding stage and537

are orthogonal to token pruning, which focuses on538

reducing prefilling cost via token selection.539

Structural Pruning. Structural pruning reduces540

computation by removing or compressing model541

structures such as weights, modules, attention542

heads, or transformer layers. Representative exam-543

ples include EfficientLLaVA (Liang et al., 2025a)544

and UKMP (Wu et al., 2025), which perform545

parameter-level pruning with learned importance546

metrics, and Short-LVLM (Ma et al., 2025a), which547

removes redundant transformer layers in a training-548

free manner. While structural pruning provides549

consistent speedups across both prefilling and de-550

coding stages, it lacks the input adaptivity and551

instance-level flexibility offered by token pruning.552

Overall, these paradigms are complementary553

rather than competing. Token pruning focuses on554

dynamic, input-adaptive token selection before or555

during language interaction, while token merging,556

KV-cache management, patch merging, structural557

pruning, and semantic compensation address effi-558

ciency from orthogonal dimensions. In practice,559

these techniques can be combined to further im-560

prove the efficiency of large vision–language mod-561

els.562

5 Benchmarks and Experimental563

Protocols564

Benchmarks. We introduce several benchmarks565

to which most of the selected papers adapt. The566

detailed information of each benchmarks are pre-567

sented in Table 1. Notably, these tasks differ in to-568

ken redundancy, reasoning depth, and dependency569

on fine-grained features. For instance, text-oriented570

VQA and detailed visual reasoning typically de-571

mand high token fidelity, whereas global caption-572

ing may tolerate higher sparsity. Consequently, this573

diverse benchmark suite is essential for evaluating574

the generalization of pruning methods across vary-575

ing sensitivities to information loss, ensuring that576

efficiency gains do not come at the cost of failing577

specific task distributions.578

Experimental Protocols. To ensure fair compari-579

son and reproducibility, rigorous protocols are re-580

quired beyond simple metric reporting. Standard581

evaluations in the papers typically adhere to three582

key aspects:583

• Backbone Consistency: Comparisons are584

strictly conducted on identical LVLM architec-585

tures (e.g., LLaVA (Liu et al., 2023b), BLIP-2 586

(Li et al., 2023a)) to isolate the efficacy of the 587

pruning algorithm from the underlying model 588

capability. 589

• Pruning Paradigms: Distinctions are explicitly 590

drawn between training-free (zero-shot) methods 591

and fine-tuning-based approaches, as they oper- 592

ate under fundamentally different computational 593

budgets. 594

• Inference Constraints: Critical hyperparame- 595

ters, including input resolution, batch size, and 596

maximum generation length, are fixed to stan- 597

dardize the evaluation. This control is vital when 598

comparing static pruning ratios against dynamic 599

token budgets. 600

To assess the efficiency of token pruning meth- 601

ods, evaluations typically measure the trade-off 602

between model sparsity and downstream task per- 603

formance. Researchers primarily examine the ca- 604

pabilities of LVLMs across varying pruning ratios 605

(i.e., the number or proportion of preserved tokens). 606

The fundamental performance metrics include ab- 607

solute Accuracy and the Performance Retention 608

Rate, which quantifies the percentage of perfor- 609

mance maintained relative to the original, unpruned 610

baseline. 611

In terms of computational efficiency, quantitative 612

comparisons rely on a multi-dimensional suite of 613

metrics covering theoretical complexity, temporal 614

latency, and spatial memory footprint: 615

• FLOPs (Floating Point Operations) serve as a 616

standard proxy for evaluating the theoretical com- 617

putational complexity of the model. 618

• CUDA Latency measures the actual wall-clock 619

time required for kernel launches and data trans- 620

fers. This metric is frequently decomposed into 621

two phases to isolate stage-specific benefits: (1) 622

Prefill Time, the duration required to process 623

all input tokens and compute the embedding for 624

the first generated token; and (2) Decode Time, 625

the latency incurred during the subsequent auto- 626

regressive generation process. 627

• KV Cache and GPU Memory are utilized to 628

evaluate the spatial efficiency gains. These met- 629

rics assess the reduction in video random access 630

memory (VRAM) usage and Key-Value cache 631

overhead, highlighting the method’s ability to 632

alleviate hardware bottlenecks during inference. 633

These metrics provide a comprehensive view of the 634

efficiency gains achieved by token pruning from 635
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Task Category Description Benchmarks

VQA Answer questions based on
images

VQAv2(Goyal et al., 2016), GQA(Hudson and Manning, 2019), VizWiz(Gurari
et al., 2018), ScienceQA-IMG(Lu et al., 2022), HallBench(Guan et al., 2024),
POPE(Li et al., 2023b), MME(Fu et al., 2025a), MMBench(Liu et al., 2024d),
MMBench-CN(Liu et al., 2024d), MM-Vet(Yu et al., 2023)

Text-oriented VQA VQA requiring text recognition
in images

TextVQA(Singh et al., 2019), ChartQA(Masry et al., 2022), AI2D(Kembhavi
et al., 2016), OCRBench(Liu et al., 2023c)

Video Understanding Answer questions based on
videos

MLVU(Zhou et al., 2025), MVBench(Li et al., 2024), LongVideoBench(Wu
et al., 2024), Video-MME(Fu et al., 2025b)

Visual Captioning Generate descriptive captions
for images

COCO Caption(Lin et al., 2015), Flickr30k(Young et al., 2014)

Document & OCR Extract and understand textual
information

DocVQA(Mathew et al., 2020), IIIT5K(Mishra et al., 2012), ICDAR(Pfitzmann
et al., 2022)

Table 1: Evaluation Benchmarks for Different Vision-Language Tasks

both temporal (operation time) and spatial (memory636

footprint) perspectives.637

6 Future Directions and Conclusion638

Previous token pruning methods has achieved good639

balancing efficiency and performance. Here we out-640

line some practical limitations and open challenges641

in token pruning methods.642

Vision-side pruning reduces visual redundancy643

using intra-visual signals such as similarity and644

attention offering efficient acceleration since the645

token number is reduced before the LLM decod-646

ing. However, its task-agnostic nature and lack of647

language awareness might fundamentally limit its648

effectiveness in more complex multimodal reason-649

ing tasks. LLM-side pruning introduces query-650

relevance token selection by leveraging cross-651

modal signals during decoding. While effective for652

suppressing visually redundant but task-irrelevant653

information, its reliance on noisy attention cues and654

late-stage pruning fundamentally limits efficiency655

gains and exposes it to cross-modal misalignment656

risks (Zhang et al., 2025c). Hybrid pruning meth-657

ods combines both vision- and LLM-side methods658

by multi-stage or multi-factor pruning strategy, of-659

fering a principled compromise between efficiency660

and task relevance.661

Task-agnostic Pruning. Recent studies suggest662

that aggressive visual token pruning may intro-663

duce failure modes beyond accuracy degradation,664

including spatial misalignment and hallucination665

amplification. GAP demonstrates that preserving666

positional consistency during pruning is crucial667

for maintaining grounding performance, indicating668

that future pruning methods should explicitly ac-669

count for geometric and spatial constraints (Chien670

et al., 2025). Similarly, VASparse reveals that naive671

sparsification strategies can exacerbate visual hallu- 672

cinations, motivating hallucination-aware pruning 673

objectives that go beyond attention-based impor- 674

tance estimation (Zhuang et al., 2025). These find- 675

ings highlight the need for behavior-aware pruning 676

frameworks that optimize not only efficiency but 677

also grounding fidelity and hallucination robust- 678

ness. Also, while LVLMs are widely used in a 679

wide range of tasks, today’s LVLMs pruning meth- 680

ods mainly limit on VQA tasks. How to extend the 681

pruning strategy and cooperate with a wider range 682

of practical phenomena is a trending research area. 683

Researchers may explore the different ways for to- 684

ken importance evaluation and criteria for token 685

retaining for different practical tasks. 686

Hallucination or Pruning. Along with the hal- 687

lucination perspective, it’s also crucial to create 688

pruning task specific benchmarks. For now the eval- 689

uation for pruning topic still builds on the existed 690

tasks, researchers performs original and pruned 691

models on the same benchmarks and compare the 692

accuracy drop as well as efficiency gains. An ideal 693

pruning strategy should maintain the informational 694

and sufficient tokens to answer the questions. How- 695

ever, there still lacks of discussion on the hidden 696

mechanisms of whether the model can answer the 697

questions with remaining tokens or the insignifi- 698

cant accuracy drop comes from model hallucina- 699

tion, especially when the pruning rates are high. 700

Li et.al (Li et al., 2025d) investigated the prompt- 701

visual coupling effect across different benchmarks 702

and found that budget allocation should differ by 703

the coupling rate of tasks. This also highlighted 704

the necessity of investigating whether the pruning 705

strategy is aligned with the tasks. In the future, 706

introducing pruning specific tasks and benchmarks 707

is important. 708
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7 Limitations709

In this survey we reviewed visual token pruning710

method for LVLMs since 2024. Despite our ef-711

fort to provide a comprehensive overview of token712

pruning in LVLMs, this survey has some limita-713

tions. First of all, as efficiency LVLMs nowadays714

are having great progress and there are more meth-715

ods other than token pruning as well as methods716

combining token pruning with other compression717

technics. Secondly, most methods reviewed in this718

survey are developed for ViT-based visual encoders719

and late-fusion architectures. Emerging unified or720

early-fusion LVLMs may exhibit different redun-721

dancy patterns, which could limit the direct appli-722

cability of existing pruning principles and require723

rethinking pruning criteria and evaluation method-724

ologies.725
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Table 2: Survey of Vision Token Pruning Methods for LVLMs

Side Paper Category Train? Granularity Key Innovation

Vision-side

LLaVA-PruMerge (Shang
et al., 2025)

Similarity-
based

× Vision encoder
output, before
projector

[cls] attention sparsity + key-similarity
clustering

DivPrune (Alvar et al.,
2025)

Similarity-
based

× After projector,
before LLM

Diversity-driven selection by maximizing
minimum pairwise distance

CDPruner (Zhang et al.,
2025d)

Semantic-
aware

× After projector,
before LLM

Token similarity + textual relevance
(text-guided diversity)

MFPruner (Luo et al., 2025) Semantic-
aware

× Vision encoder
output, before
projector

Fuse [CLS] attention, token similarity,
and instruction relevance via voting

MMG-Vid (Ma et al.,
2025b)

Semantic-
aware

× After projector,
before LLM

Two-level marginal information gain
maximization; adaptive temporal budget
allocation

ALTP (Bai et al., 2025) Semantic-
aware

× After projector,
before LLM

Region partitioning + density-adaptive
token budget allocation

FoPru (Jiang et al., 2024) Attention-
based

× Vision encoder
output, before
projector

Variance-aware [CLS]-attention visual
token pruning with global (rank) and local
(row) selection strategies

PTP (Liang et al., 2025b) Attention-
based

× After projector,
before LLM

region-level + token-level [CLS] attention

HoloV (Zou et al., 2025) Attention-
based

× Vision encoder
output, before
projector

Crop-wise variance + [CLS] attention
importance

VisPruner (Zhang et al.,
2025d)

Attention-
based

× Vision encoder
output, before
projector

[CLS] attention importance + removes
redundancy with token similarity

HiRED (Arif et al., 2025) Attention-
based

× Vision encoder
output, before
projector

early [CLS]-attn for budget allocation;
final [CLS]-attn for importance

LLM-side

AdaptPrune (Luan et al.,
2025)

One-shot × During
decoding

Cross-attention scores + spatial distance +
spatially diverse tokens

DART (Wen et al., 2025) One-shot × During
decoding

Pivot tokens + duplicate dropping to
remove redundancy

Libra-Merging (Yang et al.,
2025a)

One-shot × During
decoding

pruning–merging trade-off

GreedyPrune (Pei et al.,
2025)

One-shot × between layer 1
and 2

Greedy subset selection for critical token
retention

FastV (Chen et al., 2024) Attention-
based

× After layer 2 Drop low-attention visual tokens based on
average attention scores

PyramidDrop (Xing et al.,
2025)

Attention-
based

× Stage-wise
(keep shallow,
drop deep)

Progressive pruning ratio scheduled by
stages+ lightweight attention to the last
instruction token

FEATHER (Endo et al.,
2025)

Attention-
based

× early–mid
layer+ deeper
layer

RoPE-free attention scores

SparseVLM (Zhang et al.,
2025e)

Attention-
based

× All layers
(cross-attn
guided)

Use text–visual cross-attention to induce
sparsity

PLPHP (Meng et al., 2025) Attention-
based

× Per-layer,
per-head

Layer/head-wise adaptive retention

FitPrune (Ye et al., 2025a) Attention-
based

× All layers Minimizing divergence of self- and
cross-attention distributions before/after
pruning

TransPrune (Li et al.,
2025a)

Attention-
based

× Shallow–mid
layers

Token Transition Variation of Attention
for layer-wise selection

ATP-LLaVA (Ye et al.,
2025b)

Attention-
based

✓ Can be inserted
between any
two LLM
layers

Learnable adaptive token pruning

V2Drop (Chen et al.,
2025b)

Multi-
factor

× predefined
layers

Variation-based token importance

Ctp2Fic (Lei et al., 2025) Multi-
factor

× Layer 7 + Layer
22

Text-guided pruning at shallow layer +
LSH-based clustering at deep layer

Continued on next page
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Table 2 – continued from previous page

Side Paper Category Train? Granularity Key Innovation

PAR (Suo et al., 2025) Multi-
factor

✓ Adaptive A meta-router trained via DPO

FrameFusion (Fu et al.,
2025d)

Multi-
factor

× Deep decoder
layers

Shallow layers merging based on
similarity + deep layers pruning based on
importance

LVLM_CSP (Chen et al.,
2025a)

Multi-
factor

× Deep decoder
layers

Coarse-to-fine pipeline:
Clustering–Scattering–Pruning on the
deep layers based on [SEG] attention

MoB (Li et al., 2025c) Multi-
factor

× A fixed early
decoder layer

Balance prompt alignment + visual
preservation

Hybrid

CATP (Li et al., 2025e) Multi-stage
pruning

× pre-decoder +
shallow LLM
decoder layers

text–image semantic alignment +
diversity (stage 1) +inter-layer attention
changes (stage 2)

MustDrop (Liu et al.,
2024c)

Multi-stage
pruning

× Encode + prefill
+ decode + KV

Lifecycle-aware token dropping across
multiple inference stages

VisionDrop (Xu et al.,
2025)

Multi-stage
pruning +
merging

× End of vision
encoder +
multiple
decoder stages

Visual-only token importance scoring +
stage-wise dominant token selection

IVTP (Huang et al., 2024) Two-stage
pruning

× Vision encoder
+ early decoder
layers

Group-wise Token Pruning +
instruction-relevant visual tokens
retaining

AIM(Zhong et al., 2025) merging+
pruning

× Vision side
merging +
LLM decoder
mid-layers
pruning

similarity-based token merging before
LLM + importance pruning inside LLM

Glimpse(Zeng et al., 2025) Attention-
based

✓ single pruning
after layer K

Learnable glimpse token + predictor

STAR (Guo et al., 2025) Multi-stage
pruning

× After vision
encoder
(self-attention
pruning) +
intermediate
LLM layer

Early visual self-attention + later
cross-modal guidance

ToDRE (Li et al., 2025b) Multi-stage
pruning

× After encoder +
late LLM
decoder layer

Diverse visual token selection with
relevance awareness

VScan (Zhang et al., 2025a) merging +
pruning

× vision encoder
merging + mid
LLM decoder
layers pruning

Global–local scanning; mid-layer pruning
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Year Paper Category Train? Granularity Key Innovation

2022 EfficientVLM(Wang
et al., 2023)

Model
compression

✓ Layer-/module-
level

Distill-then-prune with modal-adaptive
pruning that learns task-specific importance of
vision vs. language encoders

2023 ToMe(Bolya et al.,
2023)

Structural
compression

× Encoder
merging

Training-free token merging for ViTs

2024 ECOFLAP(Sung et al.,
2024)

Weight
Pruning

× Layer-wise
(weight)

Coarse-to-fine layer-wise pruning with global
importance estimated via zeroth-order
gradients

2024 iLLaVA(Hu et al.,
2024)

Visual token
merging

× Encoder +
LLM

Attention-guided one-step token merging with
information recycling across both image
encoder and LLM

2024 VisionZip(Yang et al.,
2025b)

Structural
compression

✓ Encoder
dominant-
token + merge

Attention concentration + similarity merging

2025 ACCM(Fu et al.,
2025c)

Visual token
pruning

✓ Encoder +
Decoder
Pruning

Train a caption model to mitigate information
loss / retain key information

2025 A-VL(Zhang et al.,
2025b)

KV-cache
optimization

× Decoder-side Modality-aware adaptive attention:
hierarchical vision KV selection + multi-scale
text cache

2025 EfficientLLaVA(Liang
et al., 2025a)

Weight
Pruning

✓ Layer-wise Structural risk minimization: search
layer-wise pruning ratios using few proxy
samples and evolve the search space by
optimizing the vision–language projector

2025 FiCoCo-V / -L (Han
et al., 2025)

Token
compression

× Filter–
Correlate–
Compress

Three-phase design; V/L variants
(training-free)

2025 Fwd2Bot(Bulat et al.,
2025)

Visual token
compression

✓ Decoder-side Condense visual tokens into task-agnostic
summary tokens, jointly optimized with
autoregressive + contrastive losses

2025 short-LVLM (Ma et al.,
2025a)

Layer
pruning

× Decoder-side
layer-level

Token-aware layer localization (Token
Importance Scores) + Subspace-Compensated
Pruning

2025 LightVLM (Hu et al.,
2025)

Token
merging +
KV cache
compression

× Encoder-side
merging +
Decoder-side
KV cache

Pyramid token merging across LLM layers to
hierarchically condense visual tokens +
attention-guided KV cache compression

2025 UKMP(Wu et al., 2025) Weight
pruning

✓ MHA and FFN
across vision +
language

Balance modality- and block-wise importance
+ distillation

2025 DCP(Jiang et al., 2025) Structured
pruning

× Dependency-
aware channel
pruning

Dependency-consistent pruning for efficiency

2025 Twilight (Lin et al.,
2025)

Dynamic
top-p

× Decoder
attention
sparsity

Top-p instead of top-k for adaptive retention

Table 3: Other Efficiency Methods mentioned in this survey
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