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Abstract

Video large language models have demonstrated remarkable
capabilities in video understanding tasks. However, the re-
dundancy of video tokens introduces significant computa-
tional overhead during inference, limiting their practical de-
ployment. Many compression algorithms are proposed to pri-
oritize retaining features with the highest attention scores
to minimize perturbations in attention computations. How-
ever, the correlation between attention scores and their actual
contribution to correct answers remains ambiguous. To ad-
dress the above limitation, we propose a novel Contribution-
aware token Compression algorithm for VIDeo understand-
ing (CaCoVID) that explicitly optimizes the token selection
policy based on the contribution of tokens to correct pre-
dictions. First, we introduce a reinforcement learning-based
framework that optimizes a policy network to select video
token combinations with the greatest contribution to correct
predictions. This paradigm shifts the focus from passive to-
ken preservation to active discovery of optimal compressed
token combinations. Secondly, we propose a combinatorial
policy optimization algorithm with online combination space
sampling, which dramatically reduces the exploration space
for video token combinations and accelerates the convergence
speed of policy optimization. Extensive experiments on di-
verse video understanding benchmarks demonstrate the ef-
fectiveness of CaCoVID. Codes will be released.

Introduction
Video large language models (Bai et al. 2025; Li et al. 2025;
Lin et al. 2024) have achieved remarkable advancements in
video understanding tasks. However, the integration of video
data into LLMs introduces substantial computational chal-
lenges, primarily due to the numerous processing demands
caused by densely encoded video tokens and the inherent
quadratic complexity of attention mechanisms. Thus, com-
pressing video tokens with minimal performance loss has
attracted increasing attention for video understanding.

Numerous studies (Chen et al. 2024; Yang et al. 2025b)
have explored token compression for multimodal large
language models (MLLMs). The design motivations be-
hind these methods can generally be categorized into two
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(b) Attention scores received from all tokens

(c) Attention scores received from last instruction token

(d) Contribution scores estimated by CaCoVID

(a) Original video frames with question "What is the man wearing in the video?"

Figure 1: As observed, the attention scores of LLMs demon-
strate ambiguity in their correlation with token contributions
to correct question answering. Higher attention scores are
not allocated to critical tokens such as “the clothing of the
man”, which may stem from the visual attention sink phe-
nomenon (Kang et al. 2025). In contrast, our contribution
scores learned through LLM prediction feedback effectively
focus on the regions most critical to answering the question
correctly - specifically, the “the clothing of the man” area.

paradigms: content-based token compression and model-
based token compression. Content-based token compres-
sion aims to preserve content diversity or spatio-temporal
structure as design objectives, employing handcrafted con-
tent metrics to guide token compression. Typecally, Di-
vPrune (Alvar et al. 2025) prunes features by maximiz-
ing the diversity of visual tokens based on the solution of
max–min diversity problem (MMDP). TopV (Yang et al.
2025a) comprehensively considers feature similarity, spatial
relationships, and central distance to evaluate token impor-
tance for pruning. Although these approaches preserve rich
visual contents, their compression strategy is query-agnostic
and may prune tokens critical to the query. Model-based to-
ken compression aims to minimize perturbations in LLM
inference as design objectives, typically pruning tokens with
low attention scores to compress the token sequence. Type-
cally, FastV (Chen et al. 2024) proposes to filter out unim-
portant tokens by using the average attention score that each
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token receives from all other tokens as a metric. Pyramid-
Drop (Xing et al. 2024) designs a multi-stage pruning strat-
egy to progressively prune visual tokens at different layers
based on the attention scores between the last-instruction
token and visual tokens. However, the correlation between
attention scores and their actual contribution to correct an-
swers remains ambiguous, which may lead to suboptimal to-
ken compression, as shown in Figure 1(b-c).

To address the above limitations, we shift the focus from
passive token preservation to active discovery of optimal
compressed token combinations for correct prediction. To
achieve this, there are two critical issues that need to be
considered for active exploration of optimal token combina-
tions. 1) How to empower active token selection. In exist-
ing token compression algorithms (Chen et al. 2024; Xing
et al. 2024), LLMs fail to actively participate in the token
selection process, with tokens instead being passively se-
lected based on handcrafted metrics or pretrained attention
scores. Therefore, the selected tokens may be suboptimal
for correct predictions. To address this, we seek to train a
small compression policy network that actively learns to se-
lect optimal token combinations with feedback of LLM pre-
dictions. 2) How to explore optimal token combinations.
There currently exists no large-scale video training data an-
notated with key tokens for token selection optimization. Al-
though reinforcement learning algorithms (Schulman et al.
2017; Shao et al. 2024) provide solutions to optimize net-
works via sampling-based exploration with environmental
rewards in unsupervised settings, the combinatorial explo-
ration space of n video tokens reaches 2n where n typically
exceeds 1000. Such astronomically large exploration spaces
make native sampling strategies impractical and prone to
divergent learning dynamics. Therefore, it is necessary to
develop a new reinforcement learning framework for token
combination exploration and optimization.

Based on the above discussions, we propose a novel
Contribution-aware token Compression algorithm for
VIDeo understanding (CaCoVID) that explicitly optimizes
a video token compression policy by actively exploring the
contributions of different token combinations to the correct
prediction. Specifically, we design a token compression pol-
icy network to estimate the contribution of video tokens and
frames to correct prediction by interacting with the query.
The most contributed tokens are retained for LLM inference
as shown in Figure 1(d). Further, to achieve effective com-
binatorial exploration and policy optimization, we develop
a novel combinatorial policy optimization algorithm with
online combinatorial space sampling (OCSS). By partition-
ing the combinatorial sub-space, OCSS constrains sampling
within tokens exhibiting similar contribution scores, thereby
dramatically reducing ineffective combinatorial exploration
and accelerating the convergence of the policy optimization.

To summarize, the main contributions of this work are: (1)
To the best of our knowledge, we are the first to propose a
reinforcement learning-based token compression algorithm
(CaCoVID) that ranks and prunes video tokens by directly
estimating the contribution to the correct prediction. (2) We
develop a novel combinatorial policy optimization algorithm
with online combination space sampling, which dramati-

cally reduces the exploration space for video token combina-
tions and accelerates the convergence of policy optimization.
(3) Extensive experimental results on diverse video under-
standing benchmarks demonstrate that CaCoVID achieves
state-of-the-art performance with lower latency.

Related Work
In this section, we briefly overview related works on video
large language models and visual token compression.

Video Large Language Model
The evolution of video large language models (Ataallah
et al. 2024; Chen et al. 2025; Wang et al. 2024) has sparked
significant research efforts in developing effective frame-
works for spatiotemporal understanding. Due to the redun-
dancy of video tokens, many studies propose video-specific
feature learning frameworks to compress video tokens dur-
ing LLM training. Video-ChatGPT (Maaz et al. 2024) em-
ploys temporal and spatial pooling to compress video to-
kens. PLLaVA (Xu et al. 2024) reduces video tokens to
the desired feature dimension via adaptive average structure
pooling. Video-XL (Shu et al. 2025) utilizes KV sparsifica-
tion mechanisms in LLMs to compress the visual informa-
tion into visual summarization tokens. Further, with the de-
velopment of unified multimodal frameworks (image, multi-
image, video), unified MLLMs attract more attention, e.g.
LLaVA-OneVision (Li et al. 2025) and Qwen2.5-VL (Bai
et al. 2025), which commonly maintain original frame-level
tokens to ensure compatibility across modalities. However,
these approaches still face challenges in video processing
due to high token consumption during inference. Thus, we
propose a contribution-aware token compression algorithm
for video understanding, a framework-agnostic and compat-
ible solution. We optimize a small compression policy net-
work through active token exploration, effectively unlocking
the reasoning potential of pretrained models under limited
video token budgets without requiring LLMs retraining.

Visual Token Compression
Visual feature compression (Bolya et al. 2023; Shen et al.
2025) has gained increasing attention due to the computa-
tional burdens caused by redundant visual tokens in multi-
modal large language models (MLLMs). The design moti-
vations behind these methods can generally be categorized
into two paradigms: content-based token compression and
model-based token compression.
Content-based token compression aims to preserve con-
tent diversity or spatio-temporal structure as design objec-
tives, employing handcrafted content metrics to guide to-
ken compression. TopV (Yang et al. 2025a) optimizes to-
ken pruning through solving a cost matrix based on to-
ken distance and similarity. DivPrune (Alvar et al. 2025)
enhances diversity preservation by solving a max-min di-
versity problem to retain structurally distinct tokens. Vi-
sionZip (Yang et al. 2025b) reduces spatial redundancy
through attention-driven feature analysis in vision encoders.
PruneVID (Huang et al. 2025) merges static tokens in
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video segments and reduces spatial redundancy via DPC-
KNN (Rodriguez and Laio 2014) merging. Although pre-
serving diverse visual contents, their compression strategies
are query-agnostic and may prune tokens critical to queries.
Model-based token compression aims to minimize pertur-
bations in model inference as design objectives, typically
pruning tokens with low attention scores to compress the
token sequence. FastV (Chen et al. 2024) prunes visual to-
kens in early LLM layers through average attention scores
received from other tokens. PyramidDrop (Xing et al. 2024)
implements multi-stage pruning by progressively eliminat-
ing low-attention tokens at different network depths. Dy-
Coke (Tao et al. 2025) dynamically prunes key-value cache
via prioritizing tokens with high attention scores to the pre-
dicted token. SparseVLM (Zhang et al. 2025) filters key vi-
sual tokens through attention scores with question tokens.
However, the correlation between attention scores and their
actual contribution to correct answers remains ambiguous,
which may lead to suboptimal token compression.

To address the above limitations, we shift the focus from
passive token preservation to active discovery of optimal
compressed token combinations for correct prediction. We
achieve this by exploring the contribution of different to-
ken combinations to the correct prediction and optimizing
a policy network that ranks and prunes video tokens without
requiring retraining of the LLM.

Method
In this section, we first present the preliminaries of video
large language models (Video LLMs), elaborating on the
critical importance of video token compression for Video
LLMs. Subsequently, we formally introduce our proposed
contribution-aware token compression for video understand-
ing, which incorporates a learnable compression policy net-
work and a combinatorial policy optimization algorithm.

Preliminaries
Video Large Language Models. Video LLMs typically en-
code densely sampled video frame features through a visual
encoder, then map these visual features into the LLM’s em-
bedding space via a modality projector, enabling alignment
between video tokens and language tokens. The concatena-
tion of video tokens Xvid ∈ Rnvid×d, and question tokens
Xqst ∈ Rnqst×d serves as the input to LLM for the prefilling
and decoding.
Computation Complexity. The encoder of LLM typi-
cally consists of the self-attention mechanism and the feed-
forward network (FFN). The total computational costs of
LLM can be expressed as FLOPs = T × (4nd2 + 2n2d+
2ndm). Here, T is the number of transformer layers, n =
nvis + nqst is the input sequence length, d is the hidden
dimension size, and m denotes the intermediate size of the
FFN. The computational complexity quadratically depends
on the sequence length n. In video LLMs, video token length
nvis dominates the total (e.g., 32 × 196 = 6, 272 video to-
kens in LLaVA-OneVision), while the question token length
nqst typically remain below 512. Consequently, over 90% of
FLOPs arise from attention interactions with video tokens.

This highlights urgent demand for video token compression
to eliminate redundant spatial-temporal information.

Contribution-aware Token Compression
In existing token compression algorithms (Chen et al. 2024;
Xing et al. 2024), LLMs fail to actively participate in the
token selection process, with tokens instead being passively
selected based on handcrafted metrics or pretrained atten-
tion scores. The compression objectives may not align with
the goals of correct prediction. To address this, we seek to
actively explore critical tokens through feedback from LLM
and optimize a small network to estimate the contribution of
video tokens to correct predictions for token compression.
Compression Policy Network. The compression policy net-
work is composed of self-attention mechanisms and two
multi-layer perceptrons (MLPt and MLPf ), which output
two-dimensional logits, as shown in Figure 2(b). Given en-
coded video tokens Xvid ∈ Rnvid×d and question tokens
Xqst ∈ Rnqst×d, the self-attention mechanism first estab-
lishes cross-modal interactions between video tokens and
text tokens to generate question-aware video tokens X ′

vid.
Here, nvid = t × h × w, and t, h, w are the number of
frames, height and width of encoded video tokens. Subse-
quently, these video tokens are fed into two MLPs to esti-
mate the contribution of each video token and frame to cor-
rectly answering the question. Formally,

[X ′
vid, X

′
qst] = SelfAttn([Xvid, Xqst]), (1)

Sf = MLPf(Pool(X
′
vid)) ∈ Rt×2, (2)

St = MLPt(X
′
vid) ∈ Rnvid×2, (3)

Ŝt = St[:, 1]− St[:, 0], Ŝf = Sf [:, 1]− Sf [:, 0], (4)

where Pool(·) means pooling along the spatial dimension,
the two output channels of MLPs indicate whether the cor-
responding token or frame should be selected for answer-
ing the question. The difference between the two channels
can be regarded as the potential contribution of tokens Ŝt or
frames Ŝf to correctly answering the question. During infer-
ence, Ŝt is used to select the most contributed token in each
frame and Ŝf is used to allocate token budget across frames.
Combinatorial Policy Optimization. There currently ex-
ists no large-scale video training data annotated with key
tokens for token selection optimization, which precludes
the direct application of supervised learning in policy
network training. Traditional reinforcement learning algo-
rithms (Schulman et al. 2017; Shao et al. 2024) for large
language models typically perform exploration in an au-
toregressive manner over the vocabulary-sized dimension,
and are usually built upon pretrained models. As a result,
the exploration space is relatively constrained, which facil-
itates model convergence. However, for thousands of video
token selections, autoregressive estimation of individual to-
ken contributions is highly inefficient. Meanwhile, parallel
prediction of all token contributions entails an exponentially
large combinatorial exploration space O(2n), rendering na-
tive sampling-based exploration strategies computationally
infeasible and prone to divergent learning dynamics.
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Figure 2: (a) illustrates the training pipeline of CaCoVID, which optimizes the compression policy network by exploring the
contributions of different token combinations to correct predictions. (b) presents the architecture of the compression policy
network, which builds interactions between video tokens and question tokens in a self-attention mechanism and estimates the
contributions of video tokens or frames to the correct prediction by MLPs.
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Figure 3: Illustration of the online combinatorial space sam-
pling strategy. Tokens are first sorted by their contribution
scores estimated by the policy network and partitioned into
combinatorial sub-spaces. Then, a categorical distribution is
applied to sample the subspace according to the sum of con-
tribution scores within each subspace. Finally, tokens within
the selected subspace are sampled according to a multino-
mial distribution to acquire the final token combination.

How to narrow down the exploration space and leverage
online learning experiences to minimize ineffective explo-
ration constitutes critical issues in policy optimization. To
address the above issues, we propose a combinatorial pol-
icy optimization algorithm (CPO), integrating a novel online
combinatorial space sampling strategy. The goal of the com-
pression policy network is to discover the video token com-
binations that contribute most to correct predictions, which
drives our focus toward systematically exploring token com-
binations with the highest potential to guide the LLM to-
ward correct answers for given questions, rather than indis-
criminately exploring arbitrary combinations. To this end,
we develop the online combinatorial space sampling strat-
egy (OCSS), which divides the token combinatorial space
into multiple combinatorial sub-spaces according to the es-
timated contribution scores, such that tokens with similar
contribution levels are more likely to be sampled together,
as shown in Figure 3. Given a token sampling ratio r, we
first sort all tokens based on their estimated contribution
scores of the policy network, and then divide them into
l = 1/(λ × r) combinatorial sub-spaces, each containing
m = λ× r × nvid tokens, λ = 2 by default. Formally,

σ = argsort(Ŝt), (5)
Ci = {σj | j ∈ [(i− 1)m+ 1, im]} , i = 1, 2, . . . , l (6)

where σ denotes the sorted index arrangement of video to-
ken, Ci ⊂ Zt is the token index set of ith combinatorial
sub-space, Zt = {1, 2, . . . , nvid} is the universal set of the
video token indexes. Then, we employ probabilistic sam-
pling based on the total contribution scores of tokens in each
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combinatorial sub-space. Formally,

S̄t = Softmax(Ŝt) ∈ Rnvid , (7)

pi =
∑
k∈Ci

S̄t[k], (8)

C∗ ∼ Categorical([p1, p2, . . . , pl]), (9)

where C∗ is the sampled combinatorial sub-space,
Categorical(·) denotes the categorical distribution. Subse-
quently, a probabilistic sampling is conducted within the se-
lected combinatorial sub-space to further explore its internal
token combinations. Formally,

qk =
exp(Ŝt[k])∑

u∈C∗ exp(Ŝt[u])
, k ∈ C∗, (10)

St ∼ Multinomial (r · nvid, [qk]k∈C∗) , (11)

X̂t = Xvid[St, :] ∈ R(r·nvid)×d, (12)

where St ⊂ C∗ is the final sampled r·nvid video token index,
Multinomial(·, ·) denotes the multinomial distribution, X̂t

denotes the sampled video tokens.
During each training iteration, we sample gt groups of

video tokens {X̂(i)
t }gti=1 and feed them into the LLM along

with question tokens Xqst for reasoning, as shown in Fig-
ure 2(a). We evaluate the correctness of the predictions by
comparing them with the answer A as the reward for the
video token combinations. Formally,

X
(i)
t = [X̂

(i)
t , Xqst], i = 1, 2, . . . , gt (13)

Y
(i)
t = LLM(X

(i)
t ), R

(i)
t = Reward(Y

(i)
t ,A), (14)

where the reward functions Reward(·, ·) are consistent with
Video-R1 (Feng et al. 2025). Then, we compute the group
advantage for policy optimization. Formally,

A
(i)
t =

R
(i)
t −mean({R(i)

t }gti=1)

std({R(i)
t }gti=1)

. (15)

Finally, we optimize the policy model for token contribution
estimation by maximizing the following objective,

J t
CPO(θ) = Ej∈Zt

[
1

gt

gt∑
i=1

rclipi,j (θ)

]
, (16)

rclipi,j (θ) = min
[
ri,j(θ)A

(i)
t , r̂i,j(θ)A

(i)
t

]
, (17)

r̂i,j(θ) = clip (ri,j(θ), 1− ϵlow, 1 + ϵhigh) (18)

ri,j(θ) =
πt
θ

(
j|[Xvid, Xqst],S(i)

t

)
πt
θold

(
j|[Xvid, Xqst],S(i)

t

) , j ∈ Zt (19)

where ϵlow, ϵhigh is a clipping hyper-parameter (Yu et al.
2025) for stabilizing training, πt

θ (·|·, ·) and πt
θold

(·|·, ·) de-
note the current and old compression policy network with
parameters θ and θold, whose output can be expressed as,

πt
θ

(
j|[Xvid, Xqst],S(i)

t

)
=

{
σ(St)[j, 1], if j ∈ S(i)

t

σ(St)[j, 0], if j ∈ Zt \ S(i)
t

where σ(·) means softmax along the channel dimension.
Similarly, we sample gf groups of video frames through
the online combinatorial space sampling strategy and calcu-
late the group advantage function through the prediction of
LLM to optimize the compression policy network for video
frames, as detailed in the supplementary materials.
Data Exploration Efficiency. The effective utilization of
training samples during model training is another critical as-
pect for policy network optimization, which involves three
key considerations. 1) Ineffective sample filtering. Certain
video questions can be answered correctly through blind
testing (without video input), rendering these samples non-
informative for policy network learning. We address this by
filtering out simple samples through blind testing. 2) Expe-
rience replay. To fully explore the video token combina-
tions, we iterate each training sample multiple times com-
bined with experience replay mechanisms to generate more
exploration experience. 3) Dynamic sample ratio. Specific
video-question pairs may consistently produce correct/in-
correct responses under the sample ratio r, which hinders
effective exploration. We introduce a dynamic sample ratio
strategy during training. For multiple iterations of a training
sample, if the average reward from the previous iteration ex-
ceeds αhigh, we decrease the video sample ratio by half in
the next iteration; if the average reward falls below αlow, we
increase the video sample ratio by two times. The detailed
training algorithm is shown in supplementary materials.

Experiment
Experimental Setting
Training Data. Our training data is sourced from Video-
R1, which aggregates over 116,000 video data. To ensure
reliable reward estimation, we specifically selected multiple-
choice QA pairs as our training corpus, comprising 104,000
instances. Further, as detailed in Section 3.2, we conducted
blind evaluations on these multiple-choice QA data using
LLaVA-OneVision-7B (Li et al. 2025) and Qwen2.5-VL-
3B (Bai et al. 2025) to filter out trivial questions that could
be correctly answered without video context, ultimately
retaining a refined dataset of 31,000 high-quality video-
relevant questions for policy network training.
Training Details. We implement the contribution-aware to-
ken compression algorithm for video understanding (Ca-
CoVID) on LLaVA-OneVision-7B and Qwen2.5-VL-3B.
The parameters of the vision encoder, projector, and large
language model are frozen during training, with only the
compression policy network being optimized. The attention
mechanism of the compression policy network is initialized
using pretrained parameters from the first layer of the LLM,
while the MLPs are initialized via Xavier init (Glorot et al.
2010). We employ distinct learning rates of 1 × 10−7 for
the attention mechanism and 1× 10−6 for MLPs. The token
sample ratio is set to r = 0.02 and group number is set to
gt = 24, gf = 8 during training, with each sample under-
going 5 iterative optimization steps with experience replay,
as discussed in Section 3.2. We set αhigh = 0.875, αlow =
0.125, ϵhigh = 0.28, ϵlow = 0.2. The policy network pa-
rameters are optimized through our CPO, completing full
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Method Equivalent
Retention Ratio

LongVideoBench MLVU VideoMME Avg. Acc.
Dev Test Short Medium Long Overall Score %1∼60min 3∼120min 1∼3min 3∼30min 30∼60min 1∼60min

LLaVA-OneVision-7B 100% 56.4 63.0 47.7 70.3 56.8 48.6 58.6 56.4 100

FastV (Chen et al. 2024) 25% 53.5 59.0 41.7 64.1 53.1 48.1 55.1 52.3 92.7
VisionZip (Yang et al. 2025b) 25% 56.0 61.5 43.5 69.0 55.0 48.3 57.4 54.6 96.8
DivPrune (Alvar et al. 2025) 25% 56.4 62.4 44.1 69.0 54.6 47.9 57.1 55.0 97.5

PruneVID (Huang et al. 2025) 25% 56.1 60.9 45.4 68.6 56.7 48.9 58.0 55.1 97.7
FrameFusion (Fu et al. 2025b) 25% 55.7 61.1 44.2 68.7 55.2 48.2 57.4 54.6 96.7

CaCoVID 25% 56.2 62.3 46.3 70.7 56.3 48.4 58.5 55.8 98.9
FastV (Chen et al. 2024) 20% 53.0 58.3 42.0 62.1 52.2 46.9 53.7 51.8 91.8

VisionZip (Yang et al. 2025b) 20% 55.7 61.5 44.7 68.8 55.9 47.8 57.5 54.9 97.2
DivPrune (Alvar et al. 2025) 20% 55.6 62.2 43.9 68.4 54.4 48.1 57.1 54.7 96.9

PruneVID (Huang et al. 2025) 20% 54.9 61.4 45.7 67.4 54.2 47.8 56.8 54.7 96.9
FrameFusion (Fu et al. 2025b) 20% 55.1 60.5 44.2 67.7 54.4 47.2 56.4 54.1 95.8

CaCoVID 20% 56.5 62.0 45.3 69.7 54.3 48.6 57.5 55.3 98.1
FastV (Chen et al. 2024) 15% 49.8 55.5 41.7 58.0 52.7 46.0 52.2 49.8 88.3

VisionZip (Yang et al. 2025b) 15% 54.0 61.2 41.9 65.7 53.4 48.2 55.8 53.2 94.3
DivPrune (Alvar et al. 2025) 15% 55.1 61.9 43.9 66.6 54.9 48.0 56.5 54.3 96.3

PruneVID (Huang et al. 2025) 15% 55.1 59.9 44.3 66.6 54.4 47.9 56.3 53.9 95.5
FrameFusion (Fu et al. 2025b) 15% 52.9 58.4 41.8 66.2 53.0 46.6 55.3 52.1 92.3

CaCoVID 15% 56.8 61.2 44.9 69.3 54.4 47.4 57.1 55.0 97.5
FastV (Chen et al. 2024) 10% 47.6 52.9 35.2 53.3 48.0 44.2 48.5 46.1 81.6

VisionZip (Yang et al. 2025b) 10% 48.9 57.6 41.5 58.6 52.3 46.2 52.4 50.1 88.8
DivPrune (Alvar et al. 2025) 10% 53.3 60.7 44.9 63.9 52.9 46.2 54.3 53.3 94.5

PruneVID (Huang et al. 2025) 10% 54.4 59.7 42.7 66.0 52.4 46.3 54.9 52.9 93.8
FrameFusion (Fu et al. 2025b) 10% 49.1 56.5 39.8 59.6 49.8 45.1 51.5 49.2 87.2

CaCoVID 10% 55.2 60.6 44.6 67.6 54.9 46.6 56.3 54.2 96.1

Qwen2.5-VL-3B 100% 54.3 62.1 45.6 71.4 60.1 49.6 60.4 55.6 100

FastV (Chen et al. 2024) 25% 49.5 57.0 43.0 66.0 56.0 48.2 56.7 51.6 92.7
VisionZip (Yang et al. 2025b) 25% 51.7 58.5 43.8 67.9 55.6 48.9 57.4 52.9 95.1
DivPrune (Alvar et al. 2025) 25% 53.4 58.8 46.4 68.4 55.2 47.9 57.2 53.9 97.0

PruneVID (Huang et al. 2025) 25% 53.0 59.4 43.0 64.8 53.1 47.7 55.2 52.6 94.6
FrameFusion (Fu et al. 2025b) 25% 52.4 58.5 44.8 69.1 57.8 50.0 59.0 53.7 96.5

CaCoVID 25% 53.3 59.9 46.2 67.7 56.1 48.8 57.5 54.2 97.5
FastV (Chen et al. 2024) 20% 48.2 55.6 41.3 64.1 54.4 47.3 55.3 50.1 90.1

VisionZip (Yang et al. 2025b) 20% 51.9 57.9 43.5 66.3 54.6 48.2 56.4 52.4 94.2
DivPrune (Alvar et al. 2025) 20% 52.3 58.4 45.6 67.6 53.3 47.2 56.0 53.1 95.5

PruneVID (Huang et al. 2025) 20% 52.1 58.1 43.7 64.1 53.4 46.9 54.8 52.2 93.8
FrameFusion (Fu et al. 2025b) 20% 50.7 57.3 43.4 68.0 56.6 49.6 58.0 52.3 94.1

CaCoVID 20% 52.8 60.2 44.8 67.9 56.6 48.4 57.6 53.9 96.9
FastV (Chen et al. 2024) 15% 47.8 53.7 37.3 61.3 52.6 48.2 54.0 48.2 86.7

VisionZip (Yang et al. 2025b) 15% 52.0 57.7 43.8 66.6 53.8 48.6 56.3 52.4 94.3
DivPrune (Alvar et al. 2025) 15% 51.5 57.7 42.0 66.3 52.4 48.0 55.6 51.7 92.9

PruneVID (Huang et al. 2025) 15% 52.1 58.0 42.1 61.8 51.7 47.4 53.6 51.5 92.5
FrameFusion (Fu et al. 2025b) 15% 49.9 55.4 41.5 67.0 55.0 49.2 57.1 51.0 91.6

CaCoVID 15% 52.4 58.2 43.2 66.2 54.4 47.8 56.1 52.5 94.4
FastV (Chen et al. 2024) 10% 45.0 50.8 32.0 55.2 48.1 46.1 49.8 44.4 79.9

VisionZip (Yang et al. 2025b) 10% 51.5 57.2 42.4 63.8 52.1 46.6 54.2 51.3 92.3
DivPrune (Alvar et al. 2025) 10% 50.5 56.4 40.8 64.3 51.4 47.2 54.3 50.5 90.9

PruneVID (Huang et al. 2025) 10% 51.3 56.6 40.4 59.7 51.1 46.6 52.4 50.2 90.2
CaCoVID 10% 51.5 57.9 44.2 63.1 52.2 47.6 54.3 52.0 93.4

Table 1: Comparison of state-of-the-art methods on LLaVA-OneVision-7B and Qwen2.5-VL-3B. For compression algorithms
such as FastV and FrameFusion applied in the LLM prefilling phase, we report the results with layer-averaged retention ratio
termed equivalent retention ratio as FrameFusion does. Bold highlights optimal performance with similar retention ratios.

training in a single epoch. The training process takes about
10 hours on 8×H100 GPUs with one batch per GPU. The
random seed for training is set as 42.
Benchmarks. We evaluate CaCoVID on diverse video un-
derstanding benchmarks including LongVideoBench (Wu
et al. 2024), MLVU (Zhou et al. 2025), and VideoMME (Fu
et al. 2025a). These benchmarks consist of videos with vary-
ing temporal scales, task complexities, and domain diver-
sities, providing a comprehensive and generalized metric
framework for evaluating performance.

Inference Details. We reserve the top contribution tokens
of each frame estimated by the compression policy network
to answer the given question. The number of tokens nj re-
served in jth frame is determined by the estimated contri-
bution of the frame nj = Softmax(Ŝf )[j] · r · nvid. To
preserve the spatio-temporal structure of videos, we sam-
ple tokens uniformly in the video as complementary to the
top-contributed tokens, with these spatio-temporal tokens
accounting for 50% of the retention token allocation.
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Method Compression
Time (ms)↓

LLM Prefilling
Time (ms)↓ Avg. Acc.↑

Vanilla - 200.4 56.4 (100%)

DivPrune 134.3 53.2 55.0 (97.5%)
PruneVID 34.1 53.2 55.1 (97.7%)

CaCoVID 11.2 53.2 55.8 (98.9%)

Table 2: Comparison of compression efficiency on LLaVA-
OneVision-7B with 25% retention ratio.

State-of-the-art Comparisons
We comprehensively evaluate our CaCoVID under various
retention ratios r ∈ {10%, 15%, 20%, 25%} and compare it
with state-of-the-art methods. The implementation details of
these algorithms being compared are provided in the supple-
mentary materials. Accuracy is the main evaluation metric.
Results on LLaVA-OneVision and Qwen2.5-VL. During
evaluation on LLaVA-OneVision-7B, we uniformly sample
32 frames from the video, and each frame is encoded into
196 tokens. During evaluation on Qwen2.5-VL-3B, we uni-
formly sample 64 frames from the video, and each frame is
encoded into no more than 256 tokens. As shown in Table 1,
we compare the performance of different compression algo-
rithms under identical hardware and software environments.
Our method consistently outperforms the previous state-of-
the-art approach across various retention ratios. Compared
to content-based compression algorithms like VisionZip,
DivPrune, and PruneVID, CaCoVID achieves question-
aware token contribution estimation, effectively retaining to-
kens critical for answering specific questions. Compared to
model-based compression algorithms like FastV and Frame-
Fusion, CaCoVID aligns the optimization objectives of com-
pression algorithms with the prediction accuracy of LLMs,
thereby enhancing the overall performance.
Comparison of compression efficiency. As shown in Ta-
ble 2, CaCoVID achieves superior compression speed com-
pared to previous compression algorithms, while demon-
strating significantly improved performance. On one hand,
the policy network in CaCoVID can estimate the contri-
bution of each token to accurate predictions in parallel,
thereby reducing compression latency. On the other hand,
our contribution-aware token compression for video under-
standing explicitly aligns the objective of the compression
policy with the correct prediction of LLM, thereby achiev-
ing superior performance.

Ablation Study
We perform ablation study on LLaVA-OneVision-7B with
retention ratio 25%.
Analysis of the online combinatorial space sampling.
Firstly, given the token sampling ratio of r%, we explored
two training strategies: concatenating r% tokens uniformly
sampled from each frame by OCSS (Frame) versus directly
sampling r% tokens from the entire video token set by
OCSS (Video). As shown in Table 3, we find that intra-
frame token sampling followed by concatenation yields su-
perior performance. The underlying reason could be that the

Sample Range r% MLVUdev VideoMME

OCSS Video 2% 61.7 57.2
OCSS Frame 2% 62.3 58.5

Random Frame 2% 57.9 54.4
Multinomial Frame 2% 59.2 55.1

OCSS Frame 1% 62.2 58.3
OCSS Frame 2% 62.3 58.5
OCSS Frame 5% 61.6 57.3

Table 3: Performance with different online sampling strategy
during training.

ISF ER DSR MLVUdev VideoMME

60.9 57.1
✓ 61.2 57.3
✓ ✓ 62.1 58.1
✓ ✓ ✓ 62.3 58.5

Table 4: Performance with different approaches for data ex-
ploration efficiency.

combinatorial space of intra-frame sampling reduces sam-
pling complexity while preserving the complete temporal
structure of the video, which facilitates better understand-
ing of video content by the LLM. Furthermore, we compare
different sampling strategies including random sampling,
multinomial probability sampling, and our proposed online
combinatorial space sampling (OCSS). Experimental results
demonstrate that OCSS significantly outperforms both ran-
dom sampling and multinomial distribution sampling. This
improvement stems from OCSS’s ability to narrow down the
exploration space and fully leverage online learning experi-
ences to minimize inefficient exploration, thereby enabling
the compression policy network to efficiently discover op-
timal token combinations for question answering. Further-
more, we can observe that training with smaller sampling
ratios tends to yield higher performance. This is because nu-
merous token combinations can provide correct answers to
the question under high sampling ratios, leading to ineffec-
tive policy optimization. Meanwhile, excessively small sam-
pling ratios could also hinder the sampling of effective to-
ken combinations required for answering questions, thereby
slightly reducing performance.
Analysis of the data exploration efficiency. We investigate
the impact of data exploration efficiency on model perfor-
mance, as shown in Table 4. As discussed in Section 3.2,
we employ three approaches to enhance data exploration
efficiency: Ineffective Sample Filtering (ISF), Experience
Replay (ER), and Dynamic Sample Ratio (DSR). We find
that filtering out ineffective samples improves model per-
formance, indicating that samples that are guessed correctly
in blind tests are detrimental to the learning of the policy
network. When implementing experience replay, the perfor-
mance shows significant improvement as this allows each
sample more exploration opportunities, leading to more sta-
ble training. The dynamic sample ratio mechanism also en-
hances model performance by enabling differentiated explo-
ration for samples with varying difficulty levels.

24323



Strategy MLVUdev VideoMME

FrameAvg 61.2 57.4
FrameAda 62.0 58.1

FrameAda+ST 62.3 58.5

Table 5: Performance with different token retention strategy.

Analysis of the token retention strategy. As shown in
Table 5, we study token retention strategies during infer-
ence, proposing three approaches: 1) retaining equal to-
kens across all frames, FrameAvg. 2) adaptively allocat-
ing token budgets per frame based on contribution scores
of frames, FrameAda. 3) further enhancing spatio-temporal
structural information by supplementing FrameAda with
spatio-temporal tokens, FrameAda+ST. Comparing 1 and 2
reveals that allocating more tokens to frames with higher
contributions improves model performance. Comparing 2
and 3 further shows that sacrificing a portion of sub-
contributed tokens to maintain the video’s spatiotemporal
structure enhances the video understanding capabilities.
Visualization analysis is shown in supplementary materials.

Conclusion
In this paper, we present CaCoVID, the first reinforcement
learning-based token compression framework for video un-
derstanding that optimizes a policy network to rank and
prune video tokens by actively exploring optimal token com-
binations to correct predictions. We propose a novel combi-
natorial policy optimization algorithm with online combina-
tion space sampling, which effectively narrows exploration
complexity while accelerating policy convergence. Exten-
sive experiments on diverse video understanding bench-
marks demonstrate the effectiveness of CaCoVID.
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