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Abstract

Video Large Language Models (VideoLLMs)
struggle with the heavy computational cost of
long or high-resolution videos due to massive
visual token counts and the quadratic com-
plexity of attention. Prior pruning approaches
mainly rely on token importance or similarity,
while largely overlooking video dynamics and
the fact that different scenes exhibit different
redundancy patterns. We introduce MoPrune, a
training-free, scene-guided and motion-centric
token pruning framework for accelerating Vide-
oLLMs. MoPrune first segments videos into se-
mantically coherent scenes to preserve tempo-
ral and motion consistency. Within each scene,
it determines frame retention rates from intra-
scene frame uniqueness. Finally, at the token
level, MoPrune retains visually distinctive to-
kens and motion-salient tokens via a unified
score, preserving both informative static de-
tails and dynamic regions. Extensive experi-
ments across multiple VideoLLMs and public
benchmarks demonstrate MoPrune’s superior
efficiency–performance trade-offs. On LLaVA-
OneVision, retaining 25% of visual tokens
matches or slightly improves the dense base-
line, and retaining 15% tokens preserves 99%
of the original performance. MoPrune is fully
compatible with hardware-efficient techniques
such as Flash Attention.

1 Introduction

Video large language models (VideoLLMs) have
recently achieved significant performance on many
video understanding tasks, including spatiotempo-
ral perception, reasoning and instruction follow-
ing (Li et al., 2025a; Zhang et al., 2024b; Li et al.,
2024a,b). However, unlike single images, videos
consist of many consecutive frames, which leads
to an explosion in the number of visual tokens—
often dominating the input length of the underlying
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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.

LLM (Xu et al., 2024a; Chen et al., 2024b). Further-
more, the increasing application demands requiring
VideoLLMs to process longer and more complex
videos can lead to excessive computational over-
head and memory consumption (Xu et al., 2024b;
Liu et al., 2025c).

To reduce this overhead, token pruning has been
proposed to accelerate VideoLLMs inference by
removing redundant visual information (Fu et al.,
2025b; Huang et al., 2025; Tao et al., 2025; Wang
et al., 2026). Existing approaches can be divided
into pre-LLM (Zhang et al., 2025c) and intra-
LLM (Chen et al., 2024a). In the pre-LLM stage,
some existing methods rely on computationally
intensive clustering algorithms or complex infor-
mation maximization planning (Alvar et al., 2025;
Sun et al., 2025; Huang et al., 2025), which intro-
duces considerable computational overhead. Fur-
thermore, most strategies apply a uniform compres-
sion strategy to all frames, but the information rich-
ness of each frame is different. VidCom2 (Liu et al.,
2025b) adaptively adjusts the compression inten-
sity across frames by quantifying frame uniqueness,
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but it does not consider scene transitions; conse-
quently, frames from a visually distinctive scene
can dominate the global budget in a way that is
suboptimal for multi-scene videos.

A second limitation is that most pruning crite-
ria emphasize appearance similarity or token “im-
portance” while under-utilizing motion, which is
central to video understanding. Intuitively, tokens
undergoing large temporal changes are more likely
to carry the evidence needed for temporal reason-
ing (Zhao et al., 2025; Liu et al., 2025a), yet infor-
mative static details should also be preserved.

Empirically, we observe a clear motion–attention
correlation in VideoLLMs. Using LLaVA-Video-
7B (Zhang et al., 2024b), we estimate motion mag-
nitude via per-token feature differences between
consecutive frames and split tokens into high- and
low-motion halves. Across MVBench (Li et al.,
2024c) and VideoMME (Fu et al., 2025a), high-
motion tokens consistently receive larger decoder
attention throughout generation (summing atten-
tion weights over all heads per token and averaging
within each group). This suggests that motion-
agnostic pruning can disproportionately remove
critical evidence, motivating motion-aware prun-
ing that preserves dynamic regions while retaining
informative static context.

Intra-LLM pruning methods require explicit at-
tention weights at specific LLM layers (Fu et al.,
2025b; Zhang et al., 2024a; Xing et al., 2024), mak-
ing them incompatible with efficient attention ker-
nels (e.g., FlashAttention (Dao et al., 2022)) and
may increase peak memory.

To address this, we propose MoPrune, which
measures the pruning strength across different
frames within a scene and performs token selec-
tion based on token saliency and motion ampli-
tude. We apply MoPrune to LLaVA-Video (Zhang
et al., 2024b) and LLaVA-OneVision (Li et al.,
2024a), and evaluate it on multiple video question-
answering benchmarks. Results show that Mo-
Prune substantially reduces inference cost while
preserving (and sometimes slightly improving) ac-
curacy.

The main contributions are below:

• We reformulate video token pruning from a
video dynamics perspective, modeling it as a
problem of maximizing scene-level saliency
and motion capture.

• We propose MoPrune, a training-free, scene-
guided pruning framework that adaptively

allocates token budgets across scenes and
frames, and selects tokens based on both
scene-/frame-level uniqueness and motion
magnitude.

• Extensive experiments demonstrate that Mo-
Prune achieves superior accuracy–efficiency
trade-offs; e.g., on LLaVA-OneVision, retain-
ing 25% tokens matches or slightly improves
the dense baseline, while 15% tokens pre-
serves 99% performance.
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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

2.1 Video Large Language Models
VideoLLMs use a visual encoder to encode each
frame of a video individually into visual tokens,
which are then fed into the LLM independently
through a projection layer along with the user query
embeddings. Recent research has advanced video
understanding to a deeper level (Song et al., 2024;
Zhang et al., 2025a; Chen et al., 2024c). Qwen2-
VL (Wang et al., 2024) uses M-RoPE to enhance
temporal awareness. LLaVA-OneVision (Li et al.,
2024a) unifies image and video tasks and efficiently
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compresses tokens through bilinear interpolation.
LLaVA-Video (Zhang et al., 2024b) uses newline
tokens for spatiotemporal grounding. However, the
long sequences of visual tokens from consecutive
video frames limit their practical applications, and
the long duration and high resolution requirements
of complex video understanding tasks lead to sig-
nificant computational overhead.

2.2 Token Compression for LVLMs

Token compression improves the inference effi-
ciency of VLLMs by reducing visual tokens. An
increasing number of methods are shifting from
perceptual training (Li et al., 2025b) to training-
free methods (Chen et al., 2024a). FastV (Chen
et al., 2024a) first identifies inefficient cross-modal
attention in language models and evaluates the im-
portance of visual tokens based on attention re-
ceived from text tokens. VisionZip (Yang et al.,
2025) uses attention to select domain tokens us-
ing [CLS] tokens in the visual encoder and then
merges contextual tokens. However, these methods
are not designed for video understanding, treating
video frames as independent images and ignoring
temporal relationships within the video. Recent
VideoLLM-specific methods like DyCoke (Tao
et al., 2025) selectively prune by merging redun-
dant tokens every four consecutive frames and
applying a dynamic key-value buffer. FrameFu-
sion (Fu et al., 2025b) finds that token similar-
ity is highly consistent across different layers of
the LLM, so it computes the similarity of corre-
sponding positions in adjacent frames in the initial
consecutive layers to apply token merging, and
then utilizes attention pruning in deeper layers.
VidCom2 (Liu et al., 2025b) quantizes the unique-
ness of frames using a global token representation
of the video and combines it with intra-frame token
uniqueness for token selection. However, all these
methods ignore the uniqueness of tokens within the
scene and the magnitude of motion. To address this,
we propose a training-free video trimming strategy
that performs scene-independent large motion am-
plitude or strong uniqueness token preservation,
thereby more effectively reducing computational
resources while maintaining overall performance.

3 Methodology

3.1 Preliminary

A typical VideoLLM consists of three components:
a visual encoder, a modal projection layer, and the

LLM (Li et al., 2024a; Zhang et al., 2024b). Given
a video sequence V = {vt}Tt=1 ∈ RT×H×W×3, it
is first converted into visual tokens by a pre-trained
image encoder. The projection layer aligns these
visual tokens with the word embedding space of
the LLM, and then feeds them into the LLM for
autoregressive response generation.

Token pruning aims to directly compress the
number of tokens to accelerate inference. Essen-
tially, it selects the optimal subset from a given set
of visual tokens under a specific retention rate con-
straint. Considering that videos often contain multi-
ple scenes with different semantics and redundancy
patterns, the representativeness of tokens should
be preserved under scene-independent conditions.
Our goal is to design an adaptive tuning and evalu-
ation mechanism that minimizes redundancy while
maximizing model performance preservation.

3.2 MoPrune
We propose MoPrune, a training-free, pre-LLM
pruning framework that is both scene-aware and
motion-aware. MoPrune reduces redundancy while
remaining compatible with hardware-efficient at-
tention implementations (e.g., FlashAttention).

As illustrated in Figure 3, MoPrune operates in
two stages. First, it partitions a video into semanti-
cally coherent scenes and allocates frame-level to-
ken budgets based on scene-relative frame unique-
ness. Second, it selects the final set of tokens for
each frame using a unified score that combines ap-
pearance distinctiveness with motion magnitude.
We describe these components in detail below.

3.3 Scene Segmentation and Adaptive Frame
Adjustment

Scene Segmentation. A video often contains
multiple scenes with different semantics and re-
dundancy patterns. Treating all frames as a single
token pool can mix unrelated content and can also
corrupt motion estimation at abrupt scene changes.
We therefore first partition the input video into K
semantically coherent scenes along the temporal
axis.

For each frame t, we compute a global rep-
resentation by average-pooling its visual tokens
xt ∈ RN×D:

gt =
1

N

N∑

n=1

xt,n, gt ∈ RD. (1)

We then compute cosine similarity between adja-
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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.

cent frames,

st =
gt · gt+1

∥gt∥ ∥gt+1∥
, st ∈ [−1, 1], (2)

and detect a scene boundary at frame t if st <
τ . This yields a set of scenes {S1,S2, . . . ,SK},
where each Sk is a temporally contiguous set of
frames.

Given a global token retention ratio r ∈ (0, 1],
we allocate a token budget to each scene propor-
tional to its length: Bk = r · Tk · N , where
Tk = |Sk|.

Adaptive Frame Adjustment. Within each inde-
pendent scene, different frames have varying levels
of information richness and should be given differ-
ent levels of attention. VidCom2 (Liu et al., 2025b)
demonstrates that simulating human visual percep-
tion should naturally focus on unique frames, thus
designing a method to quantify frame uniqueness.

VidCom2 (Liu et al., 2025b) estimates frame
uniqueness at the video level, but multi-scene
videos with large distribution shifts can make this
metric overly coarse and less sensitive to fine-
grained differences among frames within the same
scene; moreover, global “rarity” may be dominated
by scene changes or visually atypical yet unin-
formative frames. We therefore compute scene-
relative frame uniqueness and use it to adaptively
adjust per-frame retention within each scene, which
suppresses redundant frames and better highlights

truly distinctive details, yielding a more structured
token allocation (Figure 4).

Specifically, for each scene Sk, we compute a
scene centroid feature by averaging all tokens in
that scene:

gk =
1

Tk ·N
∑

t∈Sk

N∑

n=1

xt,n, gk ∈ RD. (3)

Where Tk represents the number of frames in scene
Sk. Then we calculate the similarity between
each token within the scene and the correspond-
ing global representation of the scene:

sscenet,n =
xt,n · gk

∥xt,n∥ ∥gk∥
, t ∈ Sk, s

scene
t,n ∈ [−1, 1].

(4)
Lower sscenet,n indicate greater uniqueness within the
scene. The frame uniqueness score is defined as
ut =

1
N

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

the frame t occupies a more special position within
the scene. We compute ũt = (ut − max(ut))/α
(α = 0.01), and obtain the relative importance
weight within the scene via softmax:

σt =
exp(ũt)∑

j∈Sk
exp(ũj) + ϵ

. (5)

The base retention rate of a frame in each scene is:
γbase
k = Bk

Tk
. Then, the base retention rate of the

frame is adjusted using importance weight accord-
ing to the following formula:

γt = γbase
k ·

(
1 + σt −

1

Tk

)
, t ∈ Sk. (6)
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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.

This achieves dynamic adjustment of frames under
scene-independent conditions, realizing differenti-
ated retention levels.

3.4 Uniqueness and Motion-Aware Token
Pruning

Uniqueness Score. To cover as much of the en-
tire video as possible, we use a uniqueness metric,
similar to VidCom2 (Liu et al., 2025b), to retain
more unique information. However, we evaluate
scene-level and frame-level uniqueness instead of
the video-level. First, for frame t, we use the pre-
viously obtained frame-level global representation
gt to calculate the similarity between each token
within the frame and the global representation, as
follows:

sframe
t,n =

xt,n · gt
∥xt,n∥ ∥gt∥

, sframe
t,n ∈ [−1, 1]. (7)

Then we obtain the frame-level uniqueness score
uframe
t,n = −sframe

t,n . For the scene-level score, we
use the previously calculated uscenet,n = −sscenet,n .
We add these two scores together to get the total
uniqueness score:

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

This score assigns higher values to tokens that are
outliers both within their local frame context and
within the broader scene context.

Motion Score. To capture temporal dynamics
in video sequences, we compute a motion score
for each token by measuring feature-space differ-
ences between consecutive frames. This motion

score quantifies how much each spatial location
changes across time, which is crucial for identify-
ing dynamic regions that contain important tem-
poral information. For each token xt,n at frame t
and spatial position n, we compute its motion score
as the L2 norm of the feature difference between
consecutive frames:

mt,n = ∥xt,n − xt−1,n∥2 (9)

For the first frame of each scene, we set the mo-
tion score to zero, as there is no previous frame
within the same scene for comparison. A higher
motion score indicates that the corresponding spa-
tial location exhibits significant changes between
consecutive frames, suggesting it contains dynamic
content that may be important for understanding
temporal relationships in the video.

We adopt feature-space temporal difference as
our default motion estimator due to its simplicity
and negligible overhead. For completeness, we
also evaluate optical-flow-based and macroblock-
based alternatives. Specifically, (i) for dense op-
tical flow, we compute Farnebäck flow between
consecutive frames and use the flow magnitude
as the motion score; to align with the patch-token
grid and reduce cost, we first downsample each
frame to the token grid resolution and compute
flow on the downsampled frames. (ii) for sparse
optical flow, we track a regular grid of points us-
ing pyramidal Lucas–Kanade (PyrLK) and use the
per-point displacement magnitude as the motion
score, which is then reshaped to the token grid. (iii)
for macroblock motion, we partition each frame
into non-overlapping patch-sized blocks aligned to
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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%.

Methods EgoSchema PerceptionTest Average(%)
LLaVA-OV-7B 60.4 57.1 100.0

Retention Ratio=25%
FastV [ECCV’24] 57.5 55.4 96.1
DyCoke [NeurIPS’25] 59.5 56.4 98.6
VidCom2

[EMNLP’25] 59.7 56.7 99.1
MoPrune 60.3 57.0 99.8

Table 2: Performance comparisons on EgoSchema
and PerceptionTest using LLaVA-OV-7B. “Average”
shows the mean performance across different bench-
marks.

the patch-token grid and estimate per-block motion
via local template matching between consecutive
frames.

Token Pruning. During token selection, we com-
bine the uniqueness scores and motion scores using
normalized sum. We normalize both scores to en-
sure they are on a comparable scale and aligned in

the same direction. For each frame, we normalize
the combined uniqueness score ut,n and the mo-
tion score mt,n to the range [0, 1] within the frame
using min-max normalization:

unorm
t,n =

ut,n − umin
t

umax
t − umin

t

,mnorm
t,n =

mt,n −mmin
t

mmax
t −mmin

t
(10)

To ensure that selected tokens are both uniqueness
and motion, we fuse using ut,n and mt,n using a
weighted geometric mean implemented in the log
domain:

sfinal
t,n =exp

(
(1− η) log(ut,n + ε)

+ η log(mt,n + ε)
) (11)

where η = 0.5 (by default) balances the contribu-
tions. For each frame t, we select the top-kt tokens
with the highest final scores, where kt = ⌊γt ·N⌋ is
determined by the frame retention rate γt and N is
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Methods MVBench LongVideoBench MLVU VideoMME Average (%)
Qwen3-VL-8B-Instruct 68.6 60.3 63.5 64.5 100.0

Retention Ratio=25%
VisionZip [CVPR’25] 62.2 56.7 60.8 60.1 93.4
HoliTom [NeurIPS’25] 63.0 56.8 61.2 59.7 93.7
VidCom2

[EMNLP’25] 67.0 57.2 60.8 62.3 96.2
MoPrune 67.3 58.9 61.8 62.6 97.5

Table 3: Performance comparisons with baseline methods across different benchmarks using Qwen3-VL-8B-
Instruct. “Average” shows the mean performance across different benchmarks.

the number of tokens per frame. This ensures that
tokens with high uniqueness and high motion are
prioritized for retention, preserving both spatially
distinctive and temporally dynamic content in the
pruned token set.

4 Experiments

4.1 Experimental Setting

Benchmarks. We use LMMs-Eval (Zhang et al.,
2025b) as the performance evaluation frame-
work and conduct comprehensive comparative
experiments on multiple benchmarks, including
MVBench (Li et al., 2024c), LongVideoBench (Wu
et al., 2024), MLVU (Zhou et al., 2024), and
VideoMME (Fu et al., 2025a), detailed in Appendix
A.

Baselines. We compare MoPrune with a variety
of untrained token pruning strategies, including
FastV (Chen et al., 2024a), SparseVLM (Zhang
et al., 2024a), PrundVid (Huang et al., 2025),
DyCoke (Tao et al., 2025), VisionZip (Yang
et al., 2025), FrameFusion (Fu et al., 2025b),
HoliTom (Shao et al., 2025), and VidCom2 (Liu
et al., 2025b), detailed in Appendix C. We use an
equal retention rate for fair comparison, defined as
the average percentage of visual tokens processed
across all layers of the LLM.

Implementation Details. We evaluated on two
representative VideoLLMs: LLaVA-OneVision-
7B (Li et al., 2024a) and LLaVA-Video-7B (Zhang
et al., 2024b). Consistent with the official set-
tings, we set the input frame rate to 32 for LLaVA-
OneVision and 64 for LLaVA-Video. For PruneVid,
which compresses visual tokens and KV cache, we
evaluated only its token compression strategy. All
experiments were performed on an NVIDIA A40
GPU.

4.2 Main Results

Performance Comparisons. Table 1 compares
MoPrune with several state-of-the-art token prun-

ing methods on various benchmarks. Experimental
results show that MoPrune achieves best perfor-
mance across all configurations, significantly out-
performing other token pruning methods. Specifi-
cally, for LLaVA-OneVision-7B, MoPrune, with a
25% retention rate, outperforms the dense model
baseline, reaching 100.5% of the original. This im-
provement is attributed to appropriate pruning that
reduces video noise while minimizing redundant
information and better focusing on visual key ele-
ments. Furthermore, it maintains high performance
even with decreasing retention rates, reaching 99%
of the original at a 15% retention rate, 4.2% higher
than the baseline method VidCom2. This demon-
strates the effectiveness of scene-guided motion-
aware token pruning, overcoming the shortcomings
of relying solely on static uniqueness, and showing
significant effects on both long and short videos. To
further evaluate the cross-model robustness of Mo-
Prune, the same retention rate test was performed
on LLaVA-Video, and it still maintains its superior-
ity over other competing methods, achieving 95.7%
and 93.9% of the original performance at 25% and
15% retention rates, respectively.

Additionally, we conduct experiments on two
challenging video understanding benchmarks,
EgoSchema and PerceptionTest. EgoSchema is
designed to evaluate long-form procedural under-
standing and temporal reasoning over extended
sequences, posing significant challenges for first-
person video analysis. PerceptionTest covers a
wide range of perceptual capabilities, including
object tracking, action recognition, and temporal
localization across diverse scenarios and contexts.
The detailed results are reported in Table 2, where
MoPrune consistently demonstrates the best per-
formance retention under a 25% retention ratio
setting.

Furthermore, we extend our evaluation to the lat-
est backbone model, Qwen3-VL-8B-Instruct. As
shown in Table 3, MoPrune consistently achieves
the best performance among all competing meth-
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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 4: 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.

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

ods under the same 25% retention ratio. These
results further confirm that MoPrune is not limited
to a specific backbone or evaluation setting, and
consistently preserves strong performance under
token reduction, even on more advanced models
such as Qwen3-VL.

Efficiency Comparisons. Table 4 compares the
real-world inference efficiency and GPU mem-
ory usage of different token pruning methods on
MVBench. The Flash Attention 2 operator was
used for acceleration, and the comparison was
conducted fairly on a single NVIDIA A40 GPU.
MoPrune only slightly increases LLM generation
latency and model generation latency compared
to VidCom2, while maintaining the same GPU
memory usage. However, it achieves a 3.5 per-
formance improvement at a 15% retention rate and
also shows improvement at a 25% retention rate,
achieving a better balance between efficiency and
performance compared to all other methods. Fur-
thermore, like DyCoke and VidCom2, our method
is compatible with Flash Attention and does not
introduce additional memory overhead.

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 6: 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)

4.3 Ablation Studies

We conducted ablation studies and analyses on
LLaVA-OV-7B, using a 15% retention rate, to ver-
ify the rationality of the MoPrune design and the
selection of parameters.

Effects of Scene Segmentation and Adaptive
Frame Adjustment. Table 5 illustrates the ef-
fects of scene segmentation and frame adaptive ad-
justment. Scene segmentation benefits long videos
more, as their numerous and complex scenes make
per-scene motion amplitude calculation more effec-
tive. Furthermore, the large boundaries of scene
transitions can easily cause interference, making
it unsuitable to consider motion scores. Adaptive
frame adjustment, on the other hand, can empha-
size more unique frames within a scene, thereby
maximizing visual content. As shown in the table,
it is effective for both long and short videos.

Effects of Different Token Score. Table 5 shows
the impact of different components of the token
score. By comparing the performance under the
conditions of removing the motion score mt,n,
uniqueness score ut,n, scene-level uniqueness score
uscenet,n , and frame-level uniqueness score uframe

t,n ,
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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 7: Ablations on different threshold τ for scene
segmentation.

it demonstrates the effectiveness of the two-level
uniqueness score and reflects the complementarity
of motion score and uniqueness score. Their com-
bination further achieves the overall goal of pre-
serving visually unique or highly motion-oriented
tokens.

Ablations on Motion Estimation. Table 6 com-
pares the performance of different motion estima-
tion methods. It can be seen that the simple feature
difference not only has the best performance but
also the best acceleration effect. The performance
difference between dense optical flow and sparse
optical flow is not significant because each token
only needs one estimate, but dense optical flow is
significantly slower. In contrast, the macroblock-
based method is inferior to feature difference in
both accuracy and efficiency.

Ablations on Different Parameter. We con-
ducted ablation experiments with different scene
segmentation thresholds τ , and the specific results
are shown in Table 7. Optimal performance was
achieved at τ = 0.8. A threshold that is too large
can lead to overly fragmented scene segments, re-
sulting in many excessively small scene fragments
that reduce the effectiveness of motion scores and
lead to nearly uniform frame retention. A threshold
that is too small can easily lead to semantically
incoherent scenes, interfering with the estimation
of scene representations.

5 Conclusion

In this work, we propose MoPrune, a novel training-
free video token pruning framework for accelerat-
ing VideoLLMs. MoPrune leverages scene seg-
mentation to maintain temporal and motion consis-
tency and determines frame retention rates based
on the uniqueness of frames within a scene. At
the frame level, it performs motion-aware and
uniqueness-driven token selection, prioritizing to-
kens with larger motion amplitudes while preserv-
ing unique visual content, significantly reducing

redundant tokens. Extensive evaluations on mul-
tiple VideoLLMs and benchmarks demonstrate
that MoPrune consistently achieves a superior ef-
ficiency–performance trade-offs and is fully com-
patible with hardware-efficient techniques such as
Flash Attention, enabling seamless integration into
existing VideoLLM pipelines.

6 Limitations

We propose a plug-and-play pruning framework for
VideoLLMs that leverages scene-guided motion
perception for efficient inference, but challenges re-
main. We employed feature differences as a simple
motion estimation method, achieving a remarkable
balance between efficiency and performance. We
also explored optical flow estimation, but it strug-
gled to capture complex video dynamics. Future
work could explore refined motion estimation meth-
ods to achieve fine-grained, sensitive video pruning.
Furthermore, it is necessary to expand its practical
applications to adapt to different model configura-
tions.
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Appendix

A Benchmark Details

We evaluate MoPrune on multiple benchmarks, and
their details are as follows:

• MVBench (Li et al., 2024c) formulates 20
video understanding tasks that require deep
comprehension of temporal dimensions, be-
yond single-frame analysis.

• LongVideoBench (Wu et al., 2024) focuses
on long-context video understanding with
3,763 videos up to one hour long. It includes
6,678 multiple-choice questions across 17 cat-
egories, emphasizing temporal information
retrieval and analysis.

• MLVU (Zhou et al., 2024) features videos
ranging from 3 minutes to 2 hours, encom-
passing 9 evaluation tasks including topic rea-
soning, anomaly recognition, video summa-
rization, and plot question-answering.

• VideoMME (Fu et al., 2025a) comprises 900
videos and 2,700 multiple-choice questions
across six domains, with durations from 11
seconds to 1 hour, categorized into short,
medium, and long subsets.

• EgoSchema (Mangalam et al., 2023) con-
sists of 5,000 egocentric videos with multiple-
choice questions requiring comprehensive
understanding of procedural activities and
temporal reasoning over extended sequences,
challenging models with first-person perspec-
tive video analysis.

• PerceptionTest (Patraucean et al., 2023)
presents 11,609 real-world videos with 38,565
multiple-choice questions evaluating diverse
perceptual skills including object tracking, ac-
tion recognition, and temporal localization
across varied scenarios and contexts.

B Model Details

We evaluated MoPrune on two VideoLLMs, and
their details are as follows:

• LLaVA-OneVision (Li et al., 2024a) unifies
single-image, multi-image, and video tasks in
a single LLaVA-OneVision model. It repre-
sents videos as long visual token sequences in
the same “interleaved” format used for images,

enabling smooth task transfer from images to
videos and facilitating strong zero-shot video
understanding capabilities.

• LLaVA-Video (Zhang et al., 2024b) builds
upon the single-image stage checkpoint of
LLaVA-OneVision. It is fine-tuned on a large
synthetic video-instruction dataset (LLaVA-
Video-178K), covering detailed captioning,
open-ended QA, and multiple-choice QA. By
employing the SigLIP visual encoder and
Qwen2 as the LLM, LLaVA-Video achieves
robust video comprehension across various
benchmarks.

• Qwen3-VL (Bai et al., 2025) introduces sev-
eral key architectural improvements, includ-
ing enhanced interleaved-MRoPE for better
spatial–temporal modeling, DeepStack for im-
proved vision–language alignment via multi-
level visual features, and explicit text-based
temporal alignment for video understanding.
It is further trained with large-scale pretrain-
ing and optimized post-training strategies to
balance multimodal and text-only capabilities,
achieving strong performance across a wide
range of multimodal benchmarks.

C Baseline Details

We compared several advanced VLMs pruning
strategies, including some specific ones for Vide-
oLLMs, and their details are as follows:

• FastV (Chen et al., 2024a) performs one-time
token pruning as an intra-LLM compression
method, utilizing attention weights associated
with the output token after a selected LLM
layer. However, its explicit dependence on
attention weights makes it incompatible with
Flash Attention (Dao et al., 2022) in LLM.

• SparseVLM (Zhang et al., 2024a) functions
as an intra-LLM compression method, rank-
ing token importance using text-visual atten-
tion maps and pruning via pre-selected text
prompts to mitigate attention noise. Similar to
FastV, SparseVLM is also incompatible with
Flash Attention (Dao et al., 2022) in LLM.

• DyCoke (Tao et al., 2025) is a two-stage
VideoLLM-specific approach that first prunes
temporally similar tokens and then com-
presses less-attended visual tokens in the
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KV cache using LLM attention weights.
Its reliance on partitioning frame sets and
similarity-based compression limits aggres-
sive one-shot token reduction. Although its to-
ken pruning stage is compatible with Flash At-
tention (Dao et al., 2022), the KV cache com-
pression depends on explicit attention weights,
making it incompatible with efficient attention
operators.

• VisionZip (Yang et al., 2025) selects impor-
tant tokens using the average attention each
token receives from all others in the sequence
and then merges the remaining ones.

• PruneVid (Huang et al., 2025) clusters frames
into segments and classifies tokens within
each segment as either static or dynamic, ap-
plying different pruning strategies accordingly.
While the original PruneVid compresses both
visual tokens and KV Cache, to ensure a fair
comparison, we only implement the pre-LLM
pruning.

• FrameFusion (Fu et al., 2025b) is motivated
by two key observations. First, spatially cor-
responding visual tokens between adjacent
frames exhibit significantly higher cosine sim-
ilarities than other token pairs. Second, al-
though the similarity between highly similar
tokens decreases at deeper layers, the rela-
tive similarity rankings of these tokens remain
stable. Inspired by this strong consistency,
FrameFusion adopts a two-stage approach: it
first merges tokens across frames and subse-
quently selects important ones.

• VidCom2 (Liu et al., 2025b) reveals two criti-
cal issues: ignoring frame-wise visual diver-
sity and facing implementation constraints
that hinder compatibility with modern archi-
tectures and efficient operators. VidCom2

addresses these issues by quantifying the
uniqueness of each frame to adaptively adjust
compression strength across frames, and fur-
ther measuring token uniqueness using both
video-level and frame-level uniqueness scores,
thereby effectively preserving the most dis-
tinctive tokens within each frame and across
the entire video.

D AI Assistants in Research and Writing

Yes, we utilized AI assistants in certain aspects
of our research and writing process. Specifically,
generative AI tools such as ChatGPT were used
to assist in drafting portions of the Python code
and parts of the appendix, as well as in polishing
and refining sections of the manuscript. These
tools were primarily employed to enhance clarity,
improve grammatical structure, and achieve a more
concise presentation of our ideas.

We emphasize that while AI-assisted tools sup-
ported parts of the writing and code generation pro-
cess, all core research activities—including prob-
lem formulation, methodology design, experimen-
tal analysis, and interpretation of results—were
conducted independently by the authors. The use
of AI tools was limited to auxiliary tasks and did
not affect the integrity, originality, or scientific con-
tributions of the work. All final content was care-
fully reviewed and validated to ensure academic
rigor and accuracy.
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