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Abstract
In recent years, Large Vision-Language Models (LVLMs)
have significantly advanced multimodal tasks. However, their
inference requires intensive processing of numerous visual
tokens and incurs substantial computational overhead. Exist-
ing methods typically compress visual tokens either at the in-
put stage or in early model layers, ignoring variations across
tasks and depths. To address these limitations, we intro-
duce TOP-RL, a Task-Optimized Progressive token prun-
ing framework based on Reinforcement Learning. TOP-
RL formulates visual token pruning as a multi-stage Markov
Decision Process (MDP). It employs an agent trained with
dense and fine-grained reward signals to progressively gen-
erate differentiable binary masks. This enables TOP-RL to
adaptively select crucial visual tokens tailored to each task,
effectively balancing accuracy and computational efficiency.
Extensive experiments on leading multimodal datasets and
advanced LVLMs validate that TOP-RL effectively learns
task-optimized pruning policies, significantly boosting in-
ference efficiency while preserving robust performance. For
instance, LLaVA-NeXT equipped with TOP-RL achieves a
1.9× speedup in inference time and a 9.3× reduction in
FLOPs, with 96% performance preserved.

Introduction
Large Vision-Language Models (LVLMs) (Bai et al. 2025;
Liu et al. 2023, 2024a; Chen et al. 2024b) have achieved
remarkable success across various multimodal tasks, includ-
ing image captioning, visual question answering (VQA), and
visual grounding (Liu et al. 2024d). However, this success
comes at a significant computational cost. On one hand,
LVLMs inherit large parameter sizes from Large Language
Models (LLMs). On the other hand, a single image often
maps to hundreds or even thousands of visual tokens, signif-
icantly increasing inference overhead. Therefore, reducing
computational costs during inference has become a critical
challenge for practical LVLM deployment.

To tackle this challenge, recent approaches have intro-
duced token pruning with promising results. Existing meth-
ods generally fall into two classes: (1) compressing all vi-
sual tokens once before feeding into the LLM (Lan et al.
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Figure 1: (a) Information Cliff. Accuracy retention when all
visual tokens are pruned at each layer. The cliff appears at
shallower layers for reasoning tasks and deeper layers for
perception tasks. (b) Pruning Sensitivity. Accuracy retention
for different token keep ratios at various layers, showing that
pruning sensitivity depends on both layer and task. See Sec-
tion Motivation for details.

2024; Yang et al. 2025), and (2) dropping a fixed sub-
set of tokens at one shallow layer using preset thresh-
olds (Chen et al. 2024a). These approaches ignore how vi-
sual redundancy grows across deeper layers. In response,
several works (Zhang et al. 2024c; Xing et al. 2025) propose
layer-wise progressive pruning that reduces tokens at mul-
tiple stages based on token importance. Nevertheless, these
methods are largely guided by attention patterns and remain
agnostic to downstream task objectives, limiting their adapt-
ability and overall effectiveness.

Recent studies (Zhang et al. 2024b) reveal a phenomenon
called the Information Cliff, the model layer beyond which
removing visual tokens has little effect on performance. As
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Figure 2: Compare progressive FastV (FastV-P) and vanilla
FastV. For FastV, we applied pruning ratios r = 0.5, 0.8
at layer 8, whereas FastV-P employed pruning ratios r =
0.5, 0.75, 0.875 at layers 8, 16, and 24, respectively. L, Q
and I mean LLaVA-OV, Qwen2.5-VL and InternVL3.

shown in Figure 1(a), this cliff appears much earlier for rea-
soning tasks (e.g., ScienceQA, GQA) than for perception
tasks (e.g., TextVQA, POPE), indicating that visual infor-
mation is retained and utilized in a highly task- and layer-
dependent manner. Despite this, most existing methods ei-
ther rely on explicit prompts or fail to capture such dynamic
information flow. Our sensitivity analysis in Figure 1(b) fur-
ther demonstrates that pruning sensitivity also varies con-
siderably across tasks and layers. Our findings indicate that
truly effective token pruning must be coordinated with the
hierarchical and task-dependent dynamics of informa-
tion flow within the LVLM, ensuring that token selection
evolves in concert with the internal semantic processing.

To address this issue, we propose a novel visual to-
ken pruning framework named Task-Optimized Progressive
pruning via Reinforcement Learning (TOP-RL). Unlike ex-
isting methods relying on static attention from either vi-
sion or text, we innovatively formulate visual token prun-
ing as a dynamic multi-stage binary decision process mod-
eled by a Markov Decision Process (MDP). Specifically,
we introduce a reinforcement learning agent trained with
dense and fine-grained reward signals. These signals com-
bine task performance metrics (e.g., BLEU, Accuracy) with
pruning ratios. This setup enables the agent to interact with
the LVLM in real-time, incrementally optimizing pruning
decisions at each layer based on the feedback of LVLM. At
every pruning stage, the agent generates a differentiable bi-
nary mask, selectively retaining essential visual tokens while
discarding redundant ones. This reinforcement-driven deci-
sion process spans all decoder layers, dynamically balanc-
ing the trade-off between maintaining task accuracy and
maximizing compression. Through this adaptive and pro-
gressive pruning strategy, TOP-RL effectively captures task-
specific variations across layers. Consequently, it tailors ef-
ficient, precise, and generalizable pruning policies for di-
verse vision-language tasks, substantially enhancing infer-
ence efficiency. Notably, TOP-RL is thus fully compatible
with FlashAttention. (Dao et al. 2022). Our contributions
are summarized as follows:

• Through systematic analysis, we reveal for the first time
that the distribution of visual token importance across
layers is both task-dependent and dynamically varying,

indicating the necessity of a task-optimized and progres-
sive pruning strategy.

• We propose TOP-RL, a novel visual token pruning
framework. Specifically, TOP-RL employs reinforce-
ment learning with dense reward signals derived from
task performance and pruning ratios, enabling the agent
to adaptively optimize pruning policies at each stage.

• Extensive experiments across multiple mainstream mul-
timodal datasets and LVLMs demonstrate that TOP-
RL achieves the best trade-off between inference ef-
ficiency and task performance, consistently surpassing
prior methods in overall effectiveness.

Related Work
Visual Token Compression in LVLMs. Reducing visual
tokens in LVLMs is a well-established method for accel-
erating inference. Existing approaches can be grouped into
three categories. The first dynamically prunes visual tokens
during LLM inference, often relying on visual-text atten-
tion to assess token importance, like FastV (Chen et al.
2024a). While effective, these methods typically perform
one-shot pruning at shallow layers, neglecting redundancy
in deeper layers, and may be incompatible with efficient at-
tention mechanisms like FlashAttention (Dao et al. 2022).
The second category compresses or merges tokens in a pre-
processing stage before the LLM. Methods such as LLaVA-
Mini (Zhang et al. 2025), and FasterVLM (Zhang et al.
2024a) project or select visual features early, but lack dy-
namic adaptation and task guidance. A third line of work
adopts progressive and layer-wise pruning, such as Pyramid-
Drop (Xing et al. 2025), ATP-LLaVA (Ye et al. 2025), and
SparseVLM (Zhang et al. 2024c), which adaptively reduce
tokens across LLM layers based on content or instance diffi-
culty. However, these methods optimize pruning for general
information redundancy, not for downstream task objectives.

In contrast, our TOP-RL framework incorporates both
task awareness and progressive token pruning, dynami-
cally modeling visual information flow and optimizing the
efficiency-accuracy trade-off for specific tasks.

Reinforcement Learning for Efficient Inference. RL has
proven effective in model compression, with notable appli-
cations like AMC (He et al. 2018), which used RL to explore
architectural design spaces for better compression. Block-
Drop (Wu et al. 2018) used RL for adaptive structural com-
pression in ResNet. Recent works like MCMC (Li et al.
2024b) and Markov-PQ (Li et al. 2024c) employed RL to
discover optimal pruning and quantization strategies under
constraints. Building on these approaches, our TOP-RL for-
mulates visual token pruning as an MDP, dynamically op-
timizing pruning across layers with task-aware reward sig-
nals, effectively modeling visual information flow.

Proposed Methods
Motivation
We briefly introduced our insights in the introduction sec-
tion, and now we present more detailed observations. First,
we revisit the theory of Information Flow and Information
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Figure 3: The architecture of TOP-RL. We begin by feeding images and prompts to obtain the state S , action A , and reward
R. During the Pre-fill stage, LVLM performs multiple stages of progressive pruning. After collecting sufficient samples, we
train the agent (Actor and Critic) with reinforcement learning. TOP-RL can thus dynamically track the attention to visual
information across different layers and adaptively learn optimal pruning strategies for each layer, conditioned on the specific task
and input. This enables TOP-RL to achieve task-specific and fine-grained pruning, substantially improving inference efficiency
and generalization while maintaining high performance.

Cliff. The method (Zhang et al. 2024b) defines Information
Flow as the degree of attention that visual tokens receive
when generating responses. Information Cliff refers to a spe-
cific layer beyond which the LVLM no longer attends to vi-
sual tokens, meaning these tokens cease to contribute to re-
sponse generation; we thus designate this particular layer as
the Information Cliff. Specifically, we conducted 32 exper-
iments, each time completely removing all visual tokens at
a particular fixed layer to identify the position of the Infor-
mation Cliff. As illustrated in Figure 1(a), it is evident that
for simpler tasks like POPE and TextVQA, the cliff emerges
relatively late. This occurs because these tasks primarily re-
quire the LVLM to perform perceptual-level reasoning, thus
demanding fewer layers for deeper semantic integration. In
contrast, ScienceQA and GQA exhibit early-occurring In-
formation Cliffs due to their complexity, as the LVLM needs
extensive reasoning and deeper semantic processing after
initially extracting visual information, thereby ceasing atten-
tion to visual tokens at shallower layers.

Insight 1
The importance of visual information flows differently
across layers, depending on the specific task.

While the observation of Information Cliff is insightful,

the experiment described above is relatively coarse. There-
fore, we further conducted a detailed experiment examining
the sensitivity of visual tokens during LVLM inference, as
shown in Figure 1(b). Specifically, we experimented at lay-
ers 2, 8, 16, and 24 using 11 pruning ratios ranging from 0
to 1, following the pruning method adopted by FastV. Each
value in the heatmap represents the retained accuracy ra-
tio after pruning at a certain layer compared to the origi-
nal accuracy on the dataset. As indicated by the heatmap,
POPE and TextVQA exhibit notable pruning sensitivity un-
til deeper layers, whereas ScienceQA and GQA demonstrate
low pruning sensitivity even at shallow layers.

Insight 2
Visual token pruning should adapt to the contribution
of visual information toward generating responses.

To further verify this idea succinctly, we modified the
FastV method by applying multiple-stage pruning during in-
ference, examining whether this aligns with the actual be-
havior of LVLMs. As shown in Figure 2, at a pruning ra-
tio of r = 0.5, FastV-P significantly reduces computational
cost compared to vanilla FastV, while incurring minimal ac-
curacy loss; when the pruning ratio increases to r = 0.8, de-
spite similar computational costs, FastV-P maintains a clear
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advantage. These results demonstrate the effectiveness of
progressive pruning in achieving a better trade-off between
accuracy and efficiency compared to vanilla FastV. In sum-
mary, our findings indicate that optimal visual token pruning
in LVLMs necessitates strategies that are both progressive
across layers and adaptive to task-specific requirements.

Problem Formulation
We consider an LVLM that takes an image Xv and text
prompt Xt as input. The image is encoded by a vision en-
coder E into visual features Zv ∈ RL×dv

, which are pro-
jected via an adapter p to match the LLM input dimension,
yielding embeddings Hv ∈ RL×dt

. These are concatenated
with text embeddings Ht = embed(Xt) and fed into the
LLM to produce an output: y = LLM([Hv;Ht]).

Our goal is to prune the visual tokens Hv = [hv
1, ..., h

v
L]

to reduce sequence length and accelerate inference. Specifi-
cally, we learn a binary mask m ∈ {0, 1}L, where each en-
try indicates whether a token is kept (1) or dropped (0). The
challenge is to select tokens that preserve task performance
while improving efficiency.

Task-Optimized RL Analysis
Therefore, we formulate the token pruning during LVLM
pre-fill stage as a binary decision optimization problem.
Specifically, we define the policy as a trainable πθ with pa-
rameters θ, which is a lightweight MLP. Given a sequence
of visual tokens, the agent maps this input to a pruning ac-
tion that determines which tokens to retain. In this way, the
pruning procedure can be naturally modeled as a Markov
Decision Process (MDP), where each step corresponds to a
structured decision over the token sequence. MDP is defined
as M = ⟨S,A,P,R, γ⟩. Here, the episode length T is fixed
and equals the total number of pruning steps. Concretely, let
H ∈ RL×d be the input visual tokens of length L. We define
two key quantities over the data distribution D at stage t:

Lt(θ) = EH∼D

[Lt

L

]
, Q(θ) = EH∼D

[Qp

Q

]
, (1)

where Lt is the number of current visual tokens retained, Q
and Qp denote the metric without and with pruning. Note
that Qp and Lp are computed only after all pruning steps
are completed. We then train πθ to maximize the combined
objective at the pruning stage t:

Jt(θ) = Q(θ)− Lt(θ),

= EH∼D

[Qp

Q
− Lt

L

]
. (2)

In this manner, the policy πθ adaptively strikes an optimal
balance between computational efficiency and model perfor-
mance tailored to each task objective.

State (S). At each stage t ∈ {1, . . . , T}, the state st =
[ t,Hv

t ], where Hv
t ∈ RLt×d denotes the visual token rep-

resentations that aligned to the text token embedding space.

Action (A). The action is a binary mask mt ∈ {0, 1}Lt ,
sampled from πθ( · | st).

State Transition (P). The next state st+1 is deterministi-
cally given by:

st+1 = p(st,mt) = Transformer Layers
(
mt, st

)
. (3)

Reward (R). Our goal is to train a policy πθ that maxi-
mizes the expected cumulative reward:

J(θ) = Eπθ

[
T∑

t=1

γt−1rt

]
, (4)

where rt is the reward assigned at each pruning stage, and γ
is the discount factor (with γ = 0.9 in our experiments). For
each episode, we define the dense and step-wise reward as:

rt = rQ − αtr
L
t , (5)

where rQ =
Qp

Q and rLt = Lt

L are computed after all pruning
steps, and are assigned to each step t.

To encourage early-stage pruning, we introduce a tempo-
ral scaling factor αt = ηT−t for the pruning ratio reward,
which increases the incentive for pruning at earlier steps.
Typically, we use η = 0.95 in our experiments. Therefore, γt
governs the smoothing of long-term returns, while αt specif-
ically modulates the retention ratio term.

Training. The pipeline is shown in Figure 3. For training,
each image-question pair is fed into the LVLM to generate
answers. The image is encoded by the vision encoder E into
a sequence of visual tokens, which are projected into embed-
dings and concatenated with text tokens for LLM inference.

At each pruning stage t, the current visual tokens serve as
the input state st of the agent. The Actor encodes st and,
via policy πθ(st), outputs logits for Gumbel-Softmax sam-
pling, yielding a differentiable binary mask mt. The prun-
ing action at is then defined by masking the tokens, with
pruned tokens passed through subsequent Transformer lay-
ers to yield the next state st+1. This process generates a se-
quence of ⟨S,A,R⟩ tuples per inference.

Rewards are computed after generation: the task metric Q
is evaluated, and together with the pruning ratio, a dense re-
ward is assigned for each pruning action as in Equation (5).

We train the reinforcement learning agent using Prox-
imal Policy Optimization (PPO) on collected trajectories.
To address the incompatibility between GAE and variable-
length token pruning, we adopt the attention masking strat-
egy from (Rao et al. 2021), which preserves the number
of tokens while neutralizing pruned tokens impact in self-
attention. Specifically, for binary mask m̂ and total token
count N , the attention mask G is:

Gij =

{
1, i = j

m̂j , i ̸= j
(6)

and the masked attention is computed as

Ãij =
exp(Pij)Gij∑N

k=1 exp(Pik)Gik

, (7)

with Pij = (QKT )ij/
√
C. This ensures pruned tokens do

not influence attention, while the attention map remains N×
N for parallel computation and stable GAE.
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Figure 4: Visualization of TOP-RL on different VQA prompts. From left to right: the original input image, the visual tokens
after the first pruning stage, the visual tokens after the second pruning stage, and the visual tokens after the third pruning stage.

Computing Cost Estimation
Following the complexity estimation in (Chen et al. 2024a;
Xing et al. 2025), we consider the computational cost as-
sociated with the Multi-Head Attention (MHA) and Feed-
Forward Network (FFN) modules within Transformer lay-
ers. Specifically, for a single Transformer layer with an input
sequence consisting of n visual tokens, hidden dimension d,
and FFN intermediate dimension m, the FLOPs related to
visual tokens can be approximated as

4nd2 + 2n2d+ 3ndm. (8)

In our proposed multi-stage pruning framework, the
Transformer comprises LT layers in total. We perform prun-
ing at layers k1, k2, . . . , kt, with pruning ratios denoted by
r1, r2, . . . , rt. The t denotes the total prune stage number.
Then the total FLOPs related to visual token across the en-
tire model is formulated as:

t∑
i=1

Li

(
4nid

2 + 2n2
i d+ 3nidm

)
, (9)

s.t. ni = rin, Li = ki − ki−1,
t∑

i=1

Li = LT . (10)

Furthermore, we introduce a lightweight Actor model
for dynamically selecting visual tokens. For visual tokens
input to the Actor at pruning stage t, the FLOPs is given
by:

2(d1d2 + 2d22)nt, (11)
where d1 and d2 is input and hidden feature dimension.
Thus, the total FLOPs of TOP-RL in LLaVA-NeXT for the
visual token computations across the model is formulated
as:

FLOPs =

t∑
i=1

[
Li

(
4nid

2+2n2
i d+3nidm

)
+ 2(d1d2+2d22)nt

]
.

(12)

Experiments
Experimental Settings
Models. To demonstrate the versatility of TOP-RL, we
conduct extensive experiments on multiple LVLMs. Our

evaluation spans various architectures, including the LLaVA
family: LLaVA-1.5 (Liu et al. 2023), LLaVA-NeXT (Liu
et al. 2024b), Video-LLaVA (Lin et al. 2023) and LLaVA-
OV (Li et al. 2024a), alongside the current advanced models
such as Qwen2.5-VL (Bai et al. 2025) and InternVL-3 (Zhu
et al. 2025).

Benchmarks. To comprehensively evaluate the effective-
ness and generalizability of TOP-RL across tasks with vary-
ing complexity, we follow the multi-level taxonomy in-
troduced by (Yao et al. 2025; Liu et al. 2024c). Specifi-
cally, we categorize mainstream benchmarks into two lev-
els according to task difficulty: perception and reasoning.
For each level, we select representative benchmark for sys-
tematic evaluation. The perception level includes POPE,
VizWiz, Flickr30k, RefCOCO and TextVQA; and the rea-
soning level encompasses GQA, AI2D, MathVista and Sci-
enceQA (SQA). Refer to Appendix A for more details.

Baselines. For fair comprehensive evaluation, we compare
TOP-RL with general token pruning methods FastV (Chen
et al. 2024a), VisionZip (Yang et al. 2025), and Di-
vPrune (Alvar et al. 2025)) and progressive methods (Pyra-
midDrop (Xing et al. 2025) and SparseVLM (Zhang et al.
2024c)).

RL Settings. Owing to space constraints, RL training de-
tails and the complete architectures of Actor and Critic
models are provided in the Appendix A. All results are av-
eraged over three runs with different random seeds.

Implementation Details. Following the common prac-
tice in (Rao et al. 2021), we utilize Gumbel-Softmax sam-
pling during training for differentiable mask learning, while
adopting deterministic top-k token selection at inference.
Furthermore, we anneal the temperature parameter τ of
Gumbel-Softmax from 1.0 to 0.05 over the course of train-
ing, encouraging early-stage exploration and late-stage ex-
ploitation. Refer to Appendix A for more details.

Result Analysis
Main Result. We compare TOP-RL with leading token
pruning baselines under varying compression ratios. As
shown in Table 1, when retaining 192 tokens (66.7% re-
duction), TOP-RL achieves the highest overall accuracy
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Perception Reasoning
Methods POPE VizWiz Flickr30k RefCOCO TextVQA GQA AI2D MathVista SQA Avg

Upper Bound, 576 Tokens (100%)

LLaVA-1.5-7B 85.9 59.1 67.9 60.8 58.4 61.8 54.3 24.6 69.8 100%

Retain Average 192 Tokens (66.7%↓)

FastV 80.6
93.9%

54.2
91.7%

63.6
93.7%

38.7
63.6%

52.7
90.2%

52.6
85.1%

50.4
92.8%

16.8
68.3%

66.2
94.8% 87.7%

SparseVLM 84.4
98.3%

54.8
92.6%

52.8
77.8%

56.2
92.4%

57.8
99.0%

57.2
92.6%

50.8
93.6%

19.4
78.9%

65.3
93.6% 91.3%

PDrop 82.3
95.8%

55.7
94.2%

62.5
92.0%

46.8
77.0%

55.6
95.2%

55.7
90.1%

51.6
95.0%

17.6
71.5%

69.2
99.1% 91.2%

VisionZip 85.1
99.1%

56.3
95.2%

63.8
94.0%

53.4
87.8%

57.8
99.0%

59.4
96.1%

51.7
95.1%

22.3
90.7%

58.9
84.4% 94.3%

DivPrune 84.8
98.7%

56.1
94.9%

55.2
81.3%

56.3
92.6%

56.3
96.4%

58.7
95.1%

51.4
94.6%

21.6
87.8%

68.6
98.3% 93.9%

TOP-RL 85.6
99.7%

57.9
98.0%

67.1
98.8%

56.1
92.2%

58.2
99.7%

60.9
98.5%

52.3
96.1%

23.0
93.5%

69.6
99.7% 97.6%

Retain Average 64 Tokens (88.9%↓)

FastV 52.5
61.1%

50.3
85.0%

12.6
18.6%

29.8
49.0%

47.8
81.9%

38.6
62.5%

43.6
80.3%

9.8
39.8%

67.7
97.1% 66.5%

SparseVLM 75.5
87.9%

52.3
88.5%

32.7
48.2%

50.7
83.4%

53.4
91.4%

53.8
87.1%

42.1
77.5%

12.2
49.6%

65.2
93.4% 78.0%

PDrop 55.9
65.1%

51.8
87.7%

50.8
74.8%

37.4
61.5%

55.9
95.7%

41.9
67.8%

43.9
80.8%

11.4
46.3%

68.0
97.4% 76.0%

VisionZip 78.6
91.5%

55.4
93.8%

60.3
88.8%

50.1
82.4%

56.5
96.8%

57.0
92.2%

47.8
88.1%

19.5
79.3%

58.9
84.4% 87.9%

DivPrune 80.2
93.4%

53.7
90.9%

53.6
78.9%

53.1
87.2%

57.2
98.0%

55.3
89.5%

46.5
85.7%

18.9
76.8%

67.8
97.1% 87.1%

TOP-RL 81.9
95.4%

56.4
95.4%

62.5
92.0%

53.3
87.7%

57.8
99.0%

57.2
92.6%

48.0
88.4%

20.1
81.7%

69.2
99.1% 91.0%

Table 1: Comparison of TOP-RL and baselines at different visual tokens. Tasks are grouped into Perception and Reasoning.
Each entry reports both the main metric and its retention ratio (i.e., the percentage relative to the original unpruned result).
Across all settings, TOP-RL achieves the best performance and strong robustness, especially under high compression. TOP-RL
is applied as an inference-only method.

(97.6%) across perception, understanding, and reasoning
tasks, with clear gains on challenging reasoning datasets
(e.g., MathVista, ScienceQA). Even under extreme com-
pression (64 tokens, 88.9% reduction), TOP-RL maintains
robust performance, outperforming FastV and SparseVLM
by 24.5% and 13.0%, respectively. These results highlight
the strong efficiency-accuracy trade-off of TOP-RL.

On video question answering (Table 2), TOP-RL com-
presses 2048 tokens down to 194 while still achieving the
highest average accuracy (93.9%). It consistently outper-
forms baselines and excels on the most challenging datasets,
demonstrating its ability to preserve critical information in
both image and video understanding.

Computational Efficiency. We conduct a comprehensive
evaluation of inference efficiency and computational cost on
LLaVA-NeXT-7B, as shown in Table 3. All methods are

benchmarked under identical conditions with the average
number of visual tokens fixed at 320. Compared to the un-
pruned baseline, TOP-RL achieves a substantial reduction
in both total inference time (1.91× speedup) and theoretical
FLOPs (9.32× reduction), while maintaining competitive
task accuracy. Although some methods such as VisionZip
achieve marginally higher FLOPs reduction, TOP-RL deliv-
ers the best overall trade-off between efficiency and accu-
racy. Specifically, our method achieves an F1 score of 87.2,
outperforming all other baselines at the same compression
level.

Qualitative Visualization. Figure 4 illustrates the token
pruning decisions made by TOP-RL on various VQA tasks.
We show the pruning visualization at successive stages of
the process. As the stages advance, the proportion of pruned
tokens increases. Even in the final stage, when the vast ma-
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Method MSVD MSRVTT ActivityNet Avg

Video-LLaVA 70.5
100.0%

51.3
100.0%

43.2
100.0% 100.0%

FastV 47.2
67.0%

42.4
82.6%

38.5
89.1% 71.7%

SparseVLM 65.7
93.2%

45.4
88.5%

41.5
96.1% 90.7%

VisionZip 64.3
91.2%

46.8
91.2%

42.2
97.7% 93.4%

TOP-RL 66.4
94.2%

47.1
91.8%

42.7
98.8% 93.9%

Table 2: Results of Video-LLaVA with TOP-RL on video
question answering benchmarks. The original number of
video tokens is 2048, while our experiment collectively
prunes it down to an average of 194 tokens.

Methods Total
Time↓

FLOPs
(T)↓

GPU
(GB)↓

Score
(F1)↑

LLaVA-
NeXT-7B

28:21
(1.00×)

24.6
(1.00×) 16.9 91.6

FastV 17:02
(1.66×)

3.89
(6.32×) 15.6 81.9

SparseVLM 18:32
(1.53×)

4.02
(6.12×) 18.6 84.7

PDrop 14:50
(1.90×)

2.64
(9.32×) 15.6 85.1

VisionZip 13:27
(2.11×)

1.88
(13.09×) 23.8 86.4

TOP-RL 14:48
(1.91×)

2.64
(9.32×) 15.6 87.2

Table 3: Efficiency analysis of different pruning methods on
LLaVA-NeXT-7B. TOP-RL achieves a competitive balance
between accuracy and efficiency.

jority of visual tokens have been removed, the tokens rel-
evant to the question remain intact. This behavior demon-
strates that TOP-RL not just adapts effectively to different
tasks but also reliably captures essential visual information
throughout the layer-wise pruning process.

Ablation Studies

Cross-Task Transfer. We report cross-task transfer re-
sults in Table 4, where each TOP-RL pruning agent is trained
on a single task and evaluated zero-shot on all tasks. As ex-
pected, the highest accuracy consistently occurs when the
agent is evaluated on its training task (diagonal entries), con-
firming the effectiveness of task-specific policies. Within the
same cognitive domain, cross-task transfer leads to only mi-
nor accuracy drops, demonstrating strong generalization. In
contrast, transferring across cognitive levels results in larger
performance degradation. It still remains challenging.

Source ↓ TextVQA POPE SQA GQA

TextVQA 58.2
100.0%

82.7
96.6%

46.4
66.8%

38.1
62.5%

POPE 58.9
101.2%

85.6
100.0%

58.6
84.5%

60.2
98.8%

SQA 55.3
95.0%

67.2
78.5%

69.6
100.0%

61.5
100.8%

GQA 51.9
89.2%

72.3
84.5%

68.1
98.1%

60.9
100.0%

Table 4: Compare the zero-shot accuracy of pruning agents
trained on individual tasks and evaluated across different
task level on LLaVA-1.5-7B.

Extended Experiments and Ablation
Due to space limitations, we defer all extended ablation
studies to the Appendix. Specifically, Appendix B summa-
rizes further generalization analysis on the MME bench-
mark, including the evaluation of perception- and reasoning-
oriented agents individually and under mixed-question sce-
narios, which highlights the task-specific adaptiveness of our
method. Comprehensive results on advanced LVLMs (e.g.,
Qwen2.5-VL) are also included in Appendix B.

Moreover, Appendix C presents extensive ablation stud-
ies covering: (1) sensitivity to the trade-off parameters γ
and η; (2) the contribution of each reward component in
Equation (5); (3) the influence of pruning step count T ;
(4) the impact of dense versus terminal-only reward assign-
ment; and (5) the comparison between progressive multi-
stage pruning and one-shot pruning under the same to-
ken budget, which further validates the effectiveness of the
proposed reinforcement-learning-based progressive pruning
strategy in balancing efficiency and performance. These re-
sults demonstrate the robustness and generality of TOP-RL.

Conclusion
We introduce TOP-RL, a task-optimized reinforcement
learning framework for progressive visual token pruning
in LVLMs. Unlike static or heuristic approaches, TOP-RL
enables adaptive, layer-wise token selection by leveraging
dense reward feedback. Our analyses confirm that token im-
portance varies across layers and tasks, motivating a dy-
namic pruning strategy. Experiments on diverse benchmarks
and models demonstrate that TOP-RL consistently achieves
a strong balance between efficiency and accuracy, making it
a practical solution for efficient LVLM deployment.
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