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Abstract001

Video Large Language Models (VideoLLMs)002
struggle with the heavy computational cost of003
long or high-resolution videos due to massive004
visual token counts and the quadratic com-005
plexity of attention. Prior pruning approaches006
mainly rely on token importance or similarity,007
while largely overlooking video dynamics and008
the fact that different scenes exhibit different009
redundancy patterns. We introduce MoPrune, a010
training-free, scene-guided and motion-centric011
token pruning framework for accelerating Vide-012
oLLMs. MoPrune first segments videos into se-013
mantically coherent scenes to preserve tempo-014
ral and motion consistency. Within each scene,015
it determines frame retention rates from intra-016
scene frame uniqueness. Finally, at the token017
level, MoPrune retains visually distinctive to-018
kens and motion-salient tokens via a unified019
score, preserving both informative static de-020
tails and dynamic regions. Extensive experi-021
ments across multiple VideoLLMs and public022
benchmarks demonstrate MoPrune’s superior023
efficiency–performance trade-offs. On LLaVA-024
OneVision, retaining 25% of visual tokens025
matches or slightly improves the dense base-026
line, and retaining 15% tokens preserves 99%027
of the original performance. MoPrune is fully028
compatible with hardware-efficient techniques029
such as Flash Attention.030

1 Introduction031

Video large language models (VideoLLMs) have032

recently achieved significant performance on many033

video understanding tasks, including spatiotempo-034

ral perception, reasoning and instruction follow-035

ing (Li et al., 2025a; Zhang et al., 2024b; Li et al.,036

2024a,b). However, unlike single images, videos037

consist of many consecutive frames, which leads038

to an explosion in the number of visual tokens—039

often dominating the input length of the underlying040

LLM (Xu et al., 2024a; Chen et al., 2024b). Further-041

more, the increasing application demands requiring042
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Figure 1: Effect of motion aware. Without sufficient
motion perception, video understanding can sometimes
be inaccurate, since motion tokens offer richer and less
redundant information for VideoLLMs.

VideoLLMs to process longer and more complex 043

videos can lead to excessive computational over- 044

head and memory consumption (Xu et al., 2024b; 045

Liu et al., 2025c). 046

To reduce this overhead, token pruning has 047

been proposed to accelerate VideoLLMs inference 048

by removing redundant visual information (Fu 049

et al., 2025b; Huang et al., 2025; Tao et al., 050

2025). Existing approaches can be divided into pre- 051

LLM (Zhang et al., 2025c) and intra-LLM (Chen 052

et al., 2024a). In the pre-LLM stage, some existing 053

methods rely on computationally intensive cluster- 054

ing algorithms or complex information maximiza- 055

tion planning (Alvar et al., 2025; Sun et al., 2025; 056

Huang et al., 2025), which introduces considerable 057

computational overhead. Furthermore, most strate- 058

gies apply a uniform compression strategy to all 059

frames, but the information richness of each frame 060

is different. VidCom2 (Liu et al., 2025b) adaptively 061

adjusts the compression intensity across frames by 062

quantifying frame uniqueness, but it does not con- 063

sider scene transitions; consequently, frames from 064

a visually distinctive scene can dominate the global 065
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budget in a way that is suboptimal for multi-scene066

videos.067

A second limitation is that most pruning crite-068

ria emphasize appearance similarity or token “im-069

portance” while under-utilizing motion, which is070

central to video understanding. Intuitively, tokens071

undergoing large temporal changes are more likely072

to carry the evidence needed for temporal reason-073

ing (Zhao et al., 2025; Liu et al., 2025a), yet infor-074

mative static details should also be preserved.075

Empirically, we observe a clear motion–attention076

correlation in VideoLLMs. Using LLaVA-Video-077

7B (Zhang et al., 2024b), we estimate motion mag-078

nitude via per-token feature differences between079

consecutive frames and split tokens into high- and080

low-motion halves. Across MVBench (Li et al.,081

2024c) and VideoMME (Fu et al., 2025a), high-082

motion tokens consistently receive larger decoder083

attention throughout generation (summing atten-084

tion weights over all heads per token and averaging085

within each group). This suggests that motion-086

agnostic pruning can disproportionately remove087

critical evidence, motivating motion-aware prun-088

ing that preserves dynamic regions while retaining089

informative static context.090

Intra-LLM pruning methods require explicit at-091

tention weights at specific LLM layers (Fu et al.,092

2025b; Zhang et al., 2024a; Xing et al., 2024), mak-093

ing them incompatible with efficient attention ker-094

nels (e.g., FlashAttention (Dao et al., 2022)) and095

may increase peak memory.096

To address this, we propose MoPrune, which097

measures the pruning strength across different098

frames within a scene and performs token selec-099

tion based on token saliency and motion ampli-100

tude. We apply MoPrune to LLaVA-Video (Zhang101

et al., 2024b) and LLaVA-OneVision (Li et al.,102

2024a), and evaluate it on multiple video question-103

answering benchmarks. Results show that Mo-104

Prune substantially reduces inference cost while105

preserving (and sometimes slightly improving) ac-106

curacy.107

The main contributions are below:108

• We reformulate video token pruning from a109

video dynamics perspective, modeling it as a110

problem of maximizing scene-level saliency111

and motion capture.112

• We propose MoPrune, a training-free, scene-113

guided pruning framework that adaptively114

allocates token budgets across scenes and115

frames, and selects tokens based on both116

scene-/frame-level uniqueness and motion 117

magnitude. 118

• Extensive experiments demonstrate that Mo- 119

Prune achieves superior accuracy–efficiency 120

trade-offs; e.g., on LLaVA-OneVision, retain- 121

ing 25% tokens matches or slightly improves 122

the dense baseline, while 15% tokens pre- 123

serves 99% performance. 124
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Figure 2: Motion-salient tokens receive higher decoder
attention. On LLaVA-Video-7B, we split tokens by
motion magnitude (top/bottom 50%) and average per-
token attention (summed over heads) per layer; the trend
holds on (a) MVBench and (b) VideoMME, motivating
motion-aware pruning.

2 Related Work 125

2.1 Video Large Language Models 126

VideoLLMs use a visual encoder to encode each 127

frame of a video individually into visual tokens, 128

which are then fed into the LLM independently 129

through a projection layer along with the user query 130

embeddings. Recent research has advanced video 131

understanding to a deeper level (Song et al., 2024; 132

Zhang et al., 2025a; Chen et al., 2024c). Qwen2- 133

VL (Wang et al., 2024) uses M-RoPE to enhance 134

temporal awareness. LLaVA-OneVision (Li et al., 135

2024a) unifies image and video tasks and efficiently 136

compresses tokens through bilinear interpolation. 137

LLaVA-Video (Zhang et al., 2024b) uses newline 138
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tokens for spatiotemporal grounding. However, the139

long sequences of visual tokens from consecutive140

video frames limit their practical applications, and141

the long duration and high resolution requirements142

of complex video understanding tasks lead to sig-143

nificant computational overhead.144

2.2 Token Compression for LVLMs145

Token compression improves the inference effi-146

ciency of VLLMs by reducing visual tokens. An147

increasing number of methods are shifting from148

perceptual training (Li et al., 2025b) to training-149

free methods (Chen et al., 2024a). FastV (Chen150

et al., 2024a) first identifies inefficient cross-modal151

attention in language models and evaluates the im-152

portance of visual tokens based on attention re-153

ceived from text tokens. VisionZip (Yang et al.,154

2025) uses attention to select domain tokens us-155

ing [CLS] tokens in the visual encoder and then156

merges contextual tokens. However, these methods157

are not designed for video understanding, treating158

video frames as independent images and ignoring159

temporal relationships within the video. Recent160

VideoLLM-specific methods like DyCoke (Tao161

et al., 2025) selectively prune by merging redun-162

dant tokens every four consecutive frames and163

applying a dynamic key-value buffer. FrameFu-164

sion (Fu et al., 2025b) finds that token similar-165

ity is highly consistent across different layers of166

the LLM, so it computes the similarity of corre-167

sponding positions in adjacent frames in the initial168

consecutive layers to apply token merging, and169

then utilizes attention pruning in deeper layers.170

VidCom2 (Liu et al., 2025b) quantizes the unique-171

ness of frames using a global token representation172

of the video and combines it with intra-frame token173

uniqueness for token selection. However, all these174

methods ignore the uniqueness of tokens within the175

scene and the magnitude of motion. To address this,176

we propose a training-free video trimming strategy177

that performs scene-independent large motion am-178

plitude or strong uniqueness token preservation,179

thereby more effectively reducing computational180

resources while maintaining overall performance.181

3 Methodology182

3.1 Preliminary183

A typical VideoLLM consists of three components:184

a visual encoder, a modal projection layer, and the185

LLM (Li et al., 2024a; Zhang et al., 2024b). Given186

a video sequence V = {vt}Tt=1 ∈ RT×H×W×3, it187

is first converted into visual tokens by a pre-trained 188

image encoder. The projection layer aligns these 189

visual tokens with the word embedding space of 190

the LLM, and then feeds them into the LLM for 191

autoregressive response generation. 192

Token pruning aims to directly compress the 193

number of tokens to accelerate inference. Essen- 194

tially, it selects the optimal subset from a given set 195

of visual tokens under a specific retention rate con- 196

straint. Considering that videos often contain multi- 197

ple scenes with different semantics and redundancy 198

patterns, the representativeness of tokens should 199

be preserved under scene-independent conditions. 200

Our goal is to design an adaptive tuning and evalu- 201

ation mechanism that minimizes redundancy while 202

maximizing model performance preservation. 203

3.2 MoPrune 204

We propose MoPrune, a training-free, pre-LLM 205

pruning framework that is both scene-aware and 206

motion-aware. MoPrune reduces redundancy while 207

remaining compatible with hardware-efficient at- 208

tention implementations (e.g., FlashAttention). 209

As illustrated in Figure 3, MoPrune operates in 210

two stages. First, it partitions a video into semanti- 211

cally coherent scenes and allocates frame-level to- 212

ken budgets based on scene-relative frame unique- 213

ness. Second, it selects the final set of tokens for 214

each frame using a unified score that combines ap- 215

pearance distinctiveness with motion magnitude. 216

We describe these components in detail below. 217

3.3 Scene Segmentation and Adaptive Frame 218

Adjustment 219

Scene Segmentation. A video often contains 220

multiple scenes with different semantics and re- 221

dundancy patterns. Treating all frames as a single 222

token pool can mix unrelated content and can also 223

corrupt motion estimation at abrupt scene changes. 224

We therefore first partition the input video into K 225

semantically coherent scenes along the temporal 226

axis. 227

For each frame t, we compute a global rep- 228

resentation by average-pooling its visual tokens 229

xt ∈ RN×D: 230

gt =
1

N

N∑
n=1

xt,n, gt ∈ RD. (1) 231

We then compute cosine similarity between adja- 232

cent frames, 233

st =
gt · gt+1

∥gt∥ ∥gt+1∥
, st ∈ [−1, 1], (2) 234
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Figure 3: Overall framework of MoPrune. Our MoPrune performs plug-and-play token compression in two
stages: (i) Scene Segmentation and Adaptive Frame Adjustment, (ii) Uniqueness and Motion-Aware Token Pruning.

and detect a scene boundary at frame t if st <235

τ . This yields a set of scenes {S1,S2, . . . ,SK},236

where each Sk is a temporally contiguous set of237

frames.238

Given a global token retention ratio r ∈ (0, 1],239

we allocate a token budget to each scene propor-240

tional to its length: Bk = r · Tk · N , where241

Tk = |Sk|.242

Adaptive Frame Adjustment. Within each inde-243

pendent scene, different frames have varying levels244

of information richness and should be given differ-245

ent levels of attention. VidCom2 (Liu et al., 2025b)246

demonstrates that simulating human visual percep-247

tion should naturally focus on unique frames, thus248

designing a method to quantify frame uniqueness.249

VidCom2 (Liu et al., 2025b) estimates frame250

uniqueness at the video level, but multi-scene251

videos with large distribution shifts can make this252

metric overly coarse and less sensitive to fine-253

grained differences among frames within the same254

scene; moreover, global “rarity” may be dominated255

by scene changes or visually atypical yet unin-256

formative frames. We therefore compute scene-257

relative frame uniqueness and use it to adaptively258

adjust per-frame retention within each scene, which259

suppresses redundant frames and better highlights260

truly distinctive details, yielding a more structured261

token allocation (Figure 4).262

Specifically, for each scene Sk, we compute a263

scene centroid feature by averaging all tokens in264

that scene: 265

gk =
1

Tk ·N
∑
t∈Sk

N∑
n=1

xt,n, gk ∈ RD. (3) 266

Where Tk represents the number of frames in scene 267

Sk. Then we calculate the similarity between 268

each token within the scene and the correspond- 269

ing global representation of the scene: 270

sscenet,n =
xt,n · gk

∥xt,n∥ ∥gk∥
, t ∈ Sk, s

scene
t,n ∈ [−1, 1].

(4) 271

Lower sscenet,n indicate greater uniqueness within the 272

scene. The frame uniqueness score is defined as 273

ut =
1
N

∑N
n=1−sscenet,n . A larger ut indicates that 274

the frame t occupies a more special position within 275

the scene. We compute ũt = (ut − max(ut))/α 276

(α = 0.01), and obtain the relative importance 277

weight within the scene via softmax: 278

σt =
exp(ũt)∑

j∈Sk
exp(ũj) + ϵ

. (5) 279

The base retention rate of a frame in each scene is: 280

γbase
k = Bk

Tk
. Then, the base retention rate of the 281

frame is adjusted using importance weight accord- 282

ing to the following formula: 283

γt = γbase
k ·

(
1 + σt −

1

Tk

)
, t ∈ Sk. (6) 284

This achieves dynamic adjustment of frames under 285

scene-independent conditions, realizing differenti- 286

ated retention levels. 287

4



Figure 4: Per-frame token retention ratio for different video sequences. Only a contiguous subset of frames
from each video is visualized. indicates frame retention without scene segmentation, while indicates frame
retention with scene segmentation.

3.4 Uniqueness and Motion-Aware Token288

Pruning289

Uniqueness Score. To cover as much of the en-290

tire video as possible, we use a uniqueness metric,291

similar to VidCom2 (Liu et al., 2025b), to retain292

more unique information. However, we evaluate293

scene-level and frame-level uniqueness instead of294

the video-level. First, for frame t, we use the pre-295

viously obtained frame-level global representation296

gt to calculate the similarity between each token297

within the frame and the global representation, as298

follows:299

sframe
t,n =

xt,n · gt
∥xt,n∥ ∥gt∥

, sframe
t,n ∈ [−1, 1]. (7)300

Then we obtain the frame-level uniqueness score301

uframe
t,n = −sframe

t,n . For the scene-level score, we302

use the previously calculated uscenet,n = −sscenet,n .303

We add these two scores together to get the total304

uniqueness score:305

ut,n = uscenet,n + uframe
t,n . (8)306

This score assigns higher values to tokens that are307

outliers both within their local frame context and308

within the broader scene context.309

Motion Score. To capture temporal dynamics310

in video sequences, we compute a motion score311

for each token by measuring feature-space differ-312

ences between consecutive frames. This motion313

score quantifies how much each spatial location314

changes across time, which is crucial for identify-315

ing dynamic regions that contain important tem-316

poral information. For each token xt,n at frame t317

and spatial position n, we compute its motion score 318

as the L2 norm of the feature difference between 319

consecutive frames: 320

mt,n = ∥xt,n − xt−1,n∥2 (9) 321

For the first frame of each scene, we set the mo- 322

tion score to zero, as there is no previous frame 323

within the same scene for comparison. A higher 324

motion score indicates that the corresponding spa- 325

tial location exhibits significant changes between 326

consecutive frames, suggesting it contains dynamic 327

content that may be important for understanding 328

temporal relationships in the video. 329

We adopt feature-space temporal difference as 330

our default motion estimator due to its simplicity 331

and negligible overhead. For completeness, we 332

also evaluate optical-flow-based and macroblock- 333

based alternatives. Specifically, (i) for dense op- 334

tical flow, we compute Farnebäck flow between 335

consecutive frames and use the flow magnitude 336

as the motion score; to align with the patch-token 337

grid and reduce cost, we first downsample each 338

frame to the token grid resolution and compute 339

flow on the downsampled frames. (ii) for sparse 340

optical flow, we track a regular grid of points us- 341

ing pyramidal Lucas–Kanade (PyrLK) and use the 342

per-point displacement magnitude as the motion 343

score, which is then reshaped to the token grid. (iii) 344

for macroblock motion, we partition each frame 345

into non-overlapping patch-sized blocks aligned to 346

the patch-token grid and estimate per-block motion 347

via local template matching between consecutive 348

frames. 349
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Methods MVBench LongVideoBench MLVU VideoMME Average
Overall Short Medium Long Score %

LLaVA-OV-7B 58.3 56.4 63.0 58.5 70.2 56.6 48.8 59.1 100.0
Retention Ratio=25%

FastV [ECCV’24] 55.5 53.3 59.6 55.3 65.0 53.8 47.0 55.9 94.6
SparseVLM [ICML’25] 56.4 53.9 60.7 57.3 68.4 55.2 48.1 57.1 96.6
VisionZip [CVPR’25] 56.9 56.0 62.9 58.0 68.9 57.4 47.6 58.5 99.0
DyCoke [CVPR’25] 49.5 48.1 55.8 51.0 61.1 48.6 43.2 51.1 86.5
PruneVid [ACL’25] 55.7 55.1 63.4 57.0 68.8 54.4 47.7 57.8 97.8
FrameFusion [ICCV’25] 56.0 54.8 61.7 57.5 68.2 55.7 48.6 57.5 97.3
VidCom2

[EMNLP’25] 57.2 55.2 62.8 58.5 69.1 56.9 49.6 58.4 98.8
MoPrune 57.7 56.5 63.5 59.7 70.4 58.3 50.4 59.4 100.5

Retention Ratio=15%
FastV [ECCV’24] 51.6 48.3 55.0 48.1 51.4 49.4 43.3 50.8 86.0
SparseVLM [ICML’25] 52.9 49.7 57.4 53.4 61.0 52.1 47.0 53.4 90.4
VisionZip [CVPR’25] 55.7 54.2 60.0 55.5 63.8 54.4 48.3 56.4 95.4
PruneVid [ACL’25] 55.0 55.6 61.9 56.8 67.9 54.3 48.1 57.3 97.0
FrameFusion [ICCV’25] 55.1 53.0 58.3 55.5 65.8 54.1 46.7 55.5 93.9
VidCom2

[EMNLP’25] 54.2 52.8 60.9 56.2 65.8 54.8 48.1 56.0 94.8
MoPrune 57.7 55.4 62.3 58.5 70.1 56.3 49.0 58.5 99.0
LLaVA-Video-7B 60.3 58.8 67.5 64.4 77.3 62.3 53.7 62.8 100.0

Retention Ratio=25%
FastV [ECCV’24] 53.8 51.2 57.8 59.3 67.1 60.0 50.8 55.5 88.4
SparseVLM [ICML’25] 55.4 54.2 58.9 60.1 71.1 59.1 50.1 57.2 91.1
DyCoke [CVPR’25] 50.8 53.0 56.9 56.1 65.8 53.6 48.9 54.2 86.3
PruneVid [ACL’25] 55.0 57.9 64.1 60.5 72.2 58.6 50.7 59.4 94.6
VidCom2

[EMNLP’25] 57.0 56.0 59.1 61.8 73.3 61.6 50.4 58.5 93.2
MoPrune 58.7 58.3 60.9 62.4 75.1 60.8 51.4 60.1 95.7

Retention Ratio=15%
FastV [ECCV’24] 44.0 44.6 53.8 51.3 56.4 51.1 46.2 48.4 77.1
SparseVLM [ICML’25] 53.1 52.7 56.2 55.7 65.0 53.9 48.3 54.4 86.6
PruneVid [ACL’25] 54.0 56.2 63.3 59.4 71.2 57.7 49.3 58.2 92.7
VidCom2

[EMNLP’25] 53.4 52.4 56.8 58.3 68.2 56.9 49.8 55.2 87.9
MoPrune 58.2 56.1 60.4 61.4 74.1 58.9 51.1 59.0 93.9

Table 1: Performance comparisons with baseline methods across different benchmarks using LLaVA-OV-7B
and LLaVA-Video-7B . “Average” shows the mean performance across different benchmarks. DyCoke requires
pruning similar tokens from consecutive 4 frames, making it not possible for the retention ratio of R < 25%.

Token Pruning. During token selection, we com-350

bine the uniqueness scores and motion scores using351

normalized sum. We normalize both scores to en-352

sure they are on a comparable scale and aligned in353

the same direction. For each frame, we normalize354

the combined uniqueness score ut,n and the mo-355

tion score mt,n to the range [0, 1] within the frame356

using min-max normalization:357

unorm
t,n =

ut,n − umin
t

umax
t − umin

t

,mnorm
t,n =

mt,n −mmin
t

mmax
t −mmin

t
(10)358

To ensure that selected tokens are both uniqueness359

and motion, we fuse using ut,n and mt,n using a360

weighted geometric mean implemented in the log361

domain:362

sfinal
t,n =exp

(
(1− η) log(ut,n + ε)

+ η log(mt,n + ε)
) (11)363

where η = 0.5 (by default) balances the contribu- 364

tions. For each frame t, we select the top-kt tokens 365

with the highest final scores, where kt = ⌊γt ·N⌋ is 366

determined by the frame retention rate γt and N is 367

the number of tokens per frame. This ensures that 368

tokens with high uniqueness and high motion are 369

prioritized for retention, preserving both spatially 370

distinctive and temporally dynamic content in the 371

pruned token set. 372

4 Experiments 373

4.1 Experimental Setting 374

Benchmarks. We use LMMs-Eval (Zhang et al., 375

2025b) as the performance evaluation frame- 376

work and conduct comprehensive comparative 377

experiments on multiple benchmarks, including 378

MVBench (Li et al., 2024c), LongVideoBench (Wu 379

et al., 2024), MLVU (Zhou et al., 2024), and 380
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Methods LLM Generation↓ Model Generation↓ GPU Peak↓ Throughput↑ Performance↑
Latency (s) Latency (s) Memory (GB) (samples/s)

LLaVA-OV-7B 4775.0 7289.7 17.7 0.64 58.3
Retention Ratio=25%

FastV [ECCV’24] 2015.1 (↓57.8%) 4687.3 (↓35.7%) 24.7 (↑39.5%) 0.83 (1.30×) 55.5 (↓2.8)

SparseVLM [ICML’25] 3170.6 (↓33.6%) 5839.0 (↓19.9%) 27.1 (↑53.1%) 0.67 (1.05×) 56.4 (↓1.9)

DyCoke [CVPR’25] 1585.3 (↓66.8%) 4322.8 (↓40.7%) 16.1 (↓9.0%) 0.88 (1.38×) 49.5 (↓8.8)

VidCom2
[EMNLP’25] 1291.0 (↓73.0%) 3798.4 (↓47.9%) 16.0 (↓9.6%) 0.88 (1.38×) 57.2 (↓1.1)

MoPrune 1301.6 (↓72.7%) 3891.2 (↓46.6%) 16.0 (↓9.6%) 0.88 (1.38×) 57.7 (↓0.6)

Retention Ratio=15%
VidCom2

[EMNLP’25] 859.0 (↓82.0%) 3381.4 (↓53.6%) 15.8 (↓10.7%) 0.92 (1.44×) 54.2 (↓4.1)

MoPrune 859.2 (↓82.0%) 3457.7 (↓52.6%) 15.8 (↓10.7%) 0.92 (1.44×) 57.7 (↓0.6)

Table 2: Efficiency comparisons on MVBench with LLaVA-OV-7B. “LLM Generation Latency”: time for LLM-
only response generation; “Model Generation Latency”: time for model to generate response; and “Throughput”:
number of MVBench samples processed per second.

VideoMME (Fu et al., 2025a), detailed in Appendix381

A.382

Baselines. We compare MoPrune with a variety383

of untrained token pruning strategies, including384

FastV (Chen et al., 2024a), SparseVLM (Zhang385

et al., 2024a), PrundVid (Huang et al., 2025),386

DyCoke (Tao et al., 2025), VisionZip (Yang387

et al., 2025), FrameFusion (Fu et al., 2025b), and388

VidCom2 (Liu et al., 2025b), detailed in Appendix389

C. We use an equal retention rate for fair compar-390

ison, defined as the average percentage of visual391

tokens processed across all layers of the LLM.392

Implementation Details. We evaluated on two393

representative VideoLLMs: LLaVA-OneVision-394

7B (Li et al., 2024a) and LLaVA-Video-7B (Zhang395

et al., 2024b). Consistent with the official set-396

tings, we set the input frame rate to 32 for LLaVA-397

OneVision and 64 for LLaVA-Video. For PruneVid,398

which compresses visual tokens and KV cache, we399

evaluated only its token compression strategy. All400

experiments were performed on an NVIDIA A40401

GPU.402

4.2 Main Results403

Performance Comparisons. Table 1 compares404

MoPrune with several state-of-the-art token prun-405

ing methods on various benchmarks. Experimental406

results show that MoPrune achieves best perfor-407

mance across all configurations, significantly out-408

performing other token pruning methods. Specifi-409

cally, for LLaVA-OneVision-7B, MoPrune, with a410

25% retention rate, outperforms the dense model411

baseline, reaching 100.5% of the original. This im-412

provement is attributed to appropriate pruning that413

reduces video noise while minimizing redundant414

information and better focusing on visual key ele-415

Metrics MLVU VideoMME Avg.
Overall Short Medium Long

Vanilla 63.0 58.5 70.2 56.6 48.8 100.0
w/o scene 61.4 58.1 70.1 55.7 48.7 98.4
uniform γt 61.7 58.3 69.4 56.6 48.9 98.8
w/o mt,n 61.0 56.2 66.6 53.7 48.4 96.4
w/o ut,n 62.2 57.1 66.7 56.7 47.9 98.2
w/o uframe

t,n 61.9 57.9 68.9 56.4 48.4 98.6
w/o uscene

t,n 61.9 58.3 69.4 57.0 48.4 99.0
all 62.3 58.5 70.1 56.3 49.0 99.4

Table 3: Effects of scene segmentation, adaptive frame
adjustment and different token score.

ments. Furthermore, it maintains high performance 416

even with decreasing retention rates, reaching 99% 417

of the original at a 15% retention rate, 4.2% higher 418

than the baseline method VidCom2. This demon- 419

strates the effectiveness of scene-guided motion- 420

aware token pruning, overcoming the shortcomings 421

of relying solely on static uniqueness, and showing 422

significant effects on both long and short videos. To 423

further evaluate the cross-model robustness of Mo- 424

Prune, the same retention rate test was performed 425

on LLaVA-Video, and it still maintains its superior- 426

ity over other competing methods, achieving 95.7% 427

and 93.9% of the original performance at 25% and 428

15% retention rates, respectively. 429

Efficiency Comparisons. Table 2 compares the 430

real-world inference efficiency and GPU mem- 431

ory usage of different token pruning methods on 432

MVBench. The Flash Attention 2 operator was 433

used for acceleration, and the comparison was 434

conducted fairly on a single NVIDIA A40 GPU. 435

MoPrune only slightly increases LLM generation 436

latency and model generation latency compared 437

to VidCom2, while maintaining the same GPU 438

memory usage. However, it achieves a 3.5 per- 439

formance improvement at a 15% retention rate and 440
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Method MLVU VideoMME Avg. Time
Overall Short Medium Long

Vanilla 63.0 58.5 70.2 56.6 48.8 100.0 1.0
DOF 61.4 57.1 67.4 54.8 49.0 97.5 ↓12.7%

SOF 61.6 56.8 68.7 54.0 47.8 97.4 ↓45.4%

MB 61.8 57.1 68.1 54.6 48.6 97.9 ↓48.0%

FD 62.3 58.5 70.1 56.3 49.0 99.4 ↓52.6%

Table 4: Ablations on Motion Estimation. DOF: dense
optical flow (Farnebäck, downsampled to patch grid).
SOF: sparse optical flow (PyrLK on regular grid). MB:
Macroblock. FD: feature difference (L2). Time: Model
Generation Latency (s)

also shows improvement at a 25% retention rate,441

achieving a better balance between efficiency and442

performance compared to all other methods. Fur-443

thermore, like DyCoke and VidCom2, our method444

is compatible with Flash Attention and does not445

introduce additional memory overhead.446

4.3 Ablation Studies447

We conducted ablation studies and analyses on448

LLaVA-OV-7B, using a 15% retention rate, to ver-449

ify the rationality of the MoPrune design and the450

selection of parameters.451

Effects of Scene Segmentation and Adaptive452

Frame Adjustment. Table 3 illustrates the ef-453

fects of scene segmentation and frame adaptive ad-454

justment. Scene segmentation benefits long videos455

more, as their numerous and complex scenes make456

per-scene motion amplitude calculation more effec-457

tive. Furthermore, the large boundaries of scene458

transitions can easily cause interference, making459

it unsuitable to consider motion scores. Adaptive460

frame adjustment, on the other hand, can empha-461

size more unique frames within a scene, thereby462

maximizing visual content. As shown in the table,463

it is effective for both long and short videos.464

Effects of Different Token Score. Table 3 shows465

the impact of different components of the token466

score. By comparing the performance under the467

conditions of removing the motion score mt,n,468

uniqueness score ut,n, scene-level uniqueness score469

uscenet,n , and frame-level uniqueness score uframe
t,n ,470

it demonstrates the effectiveness of the two-level471

uniqueness score and reflects the complementarity472

of motion score and uniqueness score. Their com-473

bination further achieves the overall goal of pre-474

serving visually unique or highly motion-oriented475

tokens.476

τ MLVU VideoMME Avg.
Overall Short Medium Long

Vanilla 63.0 58.5 70.2 56.6 48.8 100.0
0.6 61.9 58.0 69.8 55.8 48.6 98.7
0.7 61.9 58.3 69.9 56.4 48.4 99.0
0.8 62.3 58.5 70.1 56.3 49.0 99.4
0.9 61.8 57.7 68.0 56.1 48.9 98.4

Table 5: Ablations on different threshold τ for scene
segmentation.

Ablations on Motion Estimation. Table 4 com- 477

pares the performance of different motion estima- 478

tion methods. It can be seen that the simple feature 479

difference not only has the best performance but 480

also the best acceleration effect. The performance 481

difference between dense optical flow and sparse 482

optical flow is not significant because each token 483

only needs one estimate, but dense optical flow is 484

significantly slower. In contrast, the macroblock- 485

based method is inferior to feature difference in 486

both accuracy and efficiency. 487

Ablations on Different Parameter. We con- 488

ducted ablation experiments with different scene 489

segmentation thresholds τ , and the specific results 490

are shown in Table 5. Optimal performance was 491

achieved at τ = 0.8. A threshold that is too large 492

can lead to overly fragmented scene segments, re- 493

sulting in many excessively small scene fragments 494

that reduce the effectiveness of motion scores and 495

lead to nearly uniform frame retention. A threshold 496

that is too small can easily lead to semantically 497

incoherent scenes, interfering with the estimation 498

of scene representations. 499

5 Conclusion 500

In this work, we propose MoPrune, a novel training- 501

free video token pruning framework for accelerat- 502

ing VideoLLMs. MoPrune leverages scene seg- 503

mentation to maintain temporal and motion consis- 504

tency and determines frame retention rates based 505

on the uniqueness of frames within a scene. At 506

the frame level, it performs motion-aware and 507

uniqueness-driven token selection, prioritizing to- 508

kens with larger motion amplitudes while preserv- 509

ing unique visual content, significantly reducing 510

redundant tokens. Extensive evaluations on mul- 511

tiple VideoLLMs and benchmarks demonstrate 512

that MoPrune consistently achieves a superior ef- 513

ficiency–performance trade-offs and is fully com- 514

patible with hardware-efficient techniques such as 515

Flash Attention, enabling seamless integration into 516

existing VideoLLM pipelines. 517
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6 Limitations518

We propose a plug-and-play pruning framework for519

VideoLLMs that leverages scene-guided motion520

perception for efficient inference, but challenges re-521

main. We employed feature differences as a simple522

motion estimation method, achieving a remarkable523

balance between efficiency and performance. We524

also explored optical flow estimation, but it strug-525

gled to capture complex video dynamics. Future526

work could explore refined motion estimation meth-527

ods to achieve fine-grained, sensitive video pruning.528

Furthermore, it is necessary to expand its practical529

applications to adapt to different model configura-530

tions.531
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Appendix712

A Benchmark Details713

We evaluate MoPrune on multiple benchmarks, and714

their details are as follows:715

• MVBench (Li et al., 2024c) formulates 20716

video understanding tasks that require deep717

comprehension of temporal dimensions, be-718

yond single-frame analysis.719

• LongVideoBench (Wu et al., 2024) focuses720

on long-context video understanding with721

3,763 videos up to one hour long. It includes722

6,678 multiple-choice questions across 17 cat-723

egories, emphasizing temporal information724

retrieval and analysis.725

• MLVU (Zhou et al., 2024) features videos726

ranging from 3 minutes to 2 hours, encom-727

passing 9 evaluation tasks including topic rea-728

soning, anomaly recognition, video summa-729

rization, and plot question-answering.730

• VideoMME (Fu et al., 2025a) comprises 900731

videos and 2,700 multiple-choice questions732

across six domains, with durations from 11733

seconds to 1 hour, categorized into short,734

medium, and long subsets.735

B Model Details736

We evaluated MoPrune on two VideoLLMs, and737

their details are as follows:738

• LLaVA-OneVision (Li et al., 2024a) unifies739

single-image, multi-image, and video tasks in740

a single LLaVA-OneVision model. It repre-741

sents videos as long visual token sequences in742

the same “interleaved” format used for images,743

enabling smooth task transfer from images to744

videos and facilitating strong zero-shot video745

understanding capabilities.746

• LLaVA-Video (Zhang et al., 2024b) builds747

upon the single-image stage checkpoint of748

LLaVA-OneVision. It is fine-tuned on a large749

synthetic video-instruction dataset (LLaVA-750

Video-178K), covering detailed captioning,751

open-ended QA, and multiple-choice QA. By752

employing the SigLIP visual encoder and753

Qwen2 as the LLM, LLaVA-Video achieves754

robust video comprehension across various755

benchmarks.756

C Baseline Details 757

We compared several advanced VLMs pruning 758

strategies, including some specific ones for Vide- 759

oLLMs, and their details are as follows: 760

• FastV (Chen et al., 2024a) performs one-time 761

token pruning as an intra-LLM compression 762

method, utilizing attention weights associated 763

with the output token after a selected LLM 764

layer. However, its explicit dependence on 765

attention weights makes it incompatible with 766

Flash Attention (Dao et al., 2022) in LLM. 767

• SparseVLM (Zhang et al., 2024a) functions 768

as an intra-LLM compression method, rank- 769

ing token importance using text-visual atten- 770

tion maps and pruning via pre-selected text 771

prompts to mitigate attention noise. Similar to 772

FastV, SparseVLM is also incompatible with 773

Flash Attention (Dao et al., 2022) in LLM. 774

• DyCoke (Tao et al., 2025) is a two-stage 775

VideoLLM-specific approach that first prunes 776

temporally similar tokens and then com- 777

presses less-attended visual tokens in the 778

KV cache using LLM attention weights. 779

Its reliance on partitioning frame sets and 780

similarity-based compression limits aggres- 781

sive one-shot token reduction. Although its to- 782

ken pruning stage is compatible with Flash At- 783

tention (Dao et al., 2022), the KV cache com- 784

pression depends on explicit attention weights, 785

making it incompatible with efficient attention 786

operators. 787

• VisionZip (Yang et al., 2025) selects impor- 788

tant tokens using the average attention each 789

token receives from all others in the sequence 790

and then merges the remaining ones. 791

• PruneVid (Huang et al., 2025) clusters frames 792

into segments and classifies tokens within 793

each segment as either static or dynamic, ap- 794

plying different pruning strategies accordingly. 795

While the original PruneVid compresses both 796

visual tokens and KV Cache, to ensure a fair 797

comparison, we only implement the pre-LLM 798

pruning. 799

• FrameFusion (Fu et al., 2025b) is motivated 800

by two key observations. First, spatially cor- 801

responding visual tokens between adjacent 802
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frames exhibit significantly higher cosine sim-803

ilarities than other token pairs. Second, al-804

though the similarity between highly similar805

tokens decreases at deeper layers, the rela-806

tive similarity rankings of these tokens remain807

stable. Inspired by this strong consistency,808

FrameFusion adopts a two-stage approach: it809

first merges tokens across frames and subse-810

quently selects important ones.811

• VidCom2 (Liu et al., 2025b) reveals two criti-812

cal issues: ignoring frame-wise visual diver-813

sity and facing implementation constraints814

that hinder compatibility with modern archi-815

tectures and efficient operators. VidCom2816

addresses these issues by quantifying the817

uniqueness of each frame to adaptively adjust818

compression strength across frames, and fur-819

ther measuring token uniqueness using both820

video-level and frame-level uniqueness scores,821

thereby effectively preserving the most dis-822

tinctive tokens within each frame and across823

the entire video.824

D AI Assistants in Research and Writing825

Yes, we utilized AI assistants in certain aspects826

of our research and writing process. Specifically,827

generative AI tools such as ChatGPT were used828

to assist in drafting portions of the Python code829

and parts of the appendix, as well as in polishing830

and refining sections of the manuscript. These831

tools were primarily employed to enhance clarity,832

improve grammatical structure, and achieve a more833

concise presentation of our ideas.834

We emphasize that while AI-assisted tools sup-835

ported parts of the writing and code generation pro-836

cess, all core research activities—including prob-837

lem formulation, methodology design, experimen-838

tal analysis, and interpretation of results—were839

conducted independently by the authors. The use840

of AI tools was limited to auxiliary tasks and did841

not affect the integrity, originality, or scientific con-842

tributions of the work. All final content was care-843

fully reviewed and validated to ensure academic844

rigor and accuracy.845
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