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ABSTRACT

Multimodal Large Language Models (MLLMs) encounter significant computa-
tional and memory bottlenecks from the massive number of visual tokens gen-
erated by high-resolution images or multi-image inputs. Previous token com-
pression techniques are often constrained by heuristic rules that risk discard-
ing critical information. They may suffer from biases, such as attention sinks,
that lead to sharp performance drops under aggressive compression ratios. To
address these limitations, we reformulate token compression as a lightweight
plug-and-play framework that reformulates token compression into an end-to-
end learnable decision process. To be specific, we propose VisionSelector, a
scorer module decoupled from the MLLM backbone that incorporates a differ-
entiable Top-K mechanism and a curriculum annealing strategy to bridge the
training-inference gap, enabling efficient and adaptive token selection various ar-
bitrary compression rates. Remarkably lightweight with only 12.85M trainable
parameters, VisionSelector demonstrates generalization across various compres-
sion rates and adaptively identifying critical tokens. This leads to superior perfor-
mance across all compression budgets, evidenced by preserving 100% accuracy
on MME with 30% retention budget, outperforming prior methods by 12.14%
at 10% retention budget, and doubling prefill speed. Our code is available at
https://github.com/JulietChoo/VisionSelector.

1 INTRODUCTION

Multimodal Large Language Models (MLLMs) (Liu et al., 2023; Bai et al., 2025; Wang et al.,
2025b) exhibit remarkable capabilities in complex vision-language tasks. However, their superior
performance hinges on effectively handling high-information-density visual inputs, such as high-
resolution images, multi-image sequences, and videos. This inevitably results in an explosion of
visual tokens, exacerbating computational and memory bottlenecks during training and inference.
Recent studies reveal significant redundancy in visual information, suggesting that effective token
compression (Wang et al., 2025c; Shao et al., 2025) could alleviate these bottlenecks. Consequently,
visual token compression has emerged as a critical research frontier in MLLMs, aiming to enhance
efficiency while preserving critical information.

Current token compression methods for vision models exhibit inherent structural trade-offs that
constrain their effectiveness. Transformation-based approaches (Li et al., 2025), while preserving
structural cues, enforce fixed compression ratios, lack flexibility, and demand separate training.
Similarity-based methods (Wen et al., 2025; Alvar et al., 2025) prioritize token diversity but often
discard fine-grained, task-critical signals, compromising performance. Attention-based techniques
(Chen et al., 2024a; Yang et al., 2025b), though intuitive, are vulnerable to biases such as attention
sink (Zhang et al., 2024b; Xiao et al., 2023; Yang et al., 2025b; Weng et al., 2024), which can
significantly degrade performance under aggressive compression. Compounding these issues, the
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Figure 1: Performance and Efficiency of VisionSelector. (a) VisionSelector outperforms prior
SOTA under a 10% token budget on Qwen2.5-VL-7B, retaining 87.75% performance on average.
(b) Performance–speedup trade-off on DocVQA across 6 retention budgets. VisionSelector is op-
timal across all ratios, achieving a 2× prefill speedup with only 5% tokens. (c) DocVQA with a
20% token budget: comparison of accuracy, GPU memory, and speedup. VisionSelector delivers a
leading three-way trade-off.

reliance on model-specific feature statistics limits generalization (Shao et al., 2025), underscoring
the need for a more robust, adaptable compression framework.

To overcome these limitations, we propose a paradigm shift from heuristic-based post-processing
to an end-to-end, optimization-driven token selection process. Our approach, VisionSelector, ad-
dresses the limitations of prior methods by introducing a lightweight, plug-and-play framework that
seamlessly integrates with existing vision-language models and supports adaptive compression. Vi-
sionSelector comprises three key components: (1) a Differentiable Top-K Selection Mechanism that
employs continuous relaxation to preserve end-to-end gradients while maintaining compatibility
with high-performance kernels such as FlashAttention (Dao et al., 2022; Dao, 2023); (2) a Cur-
riculum Annealing Strategy paired with the composite loss, which bridges the train–inference gap
by progressively transitioning from soft to hard selection for robust importance learning; and (3)
a backbone-decoupled Learnable Importance Scorer (LIS) that computes global token importance
within a single forward pass, enabling a model trained at a fixed compression rate to generalize to
various compression budgets at inference time.

Requiring only 12.85M trainable parameters and approximately 40 minutes of training on 8 A800
NVIDIA GPUs, VisionSelector is both lightweight and cost-efficient.

As shown in Figure 1, VisionSelector delivers substantial advancements. Specifically, at a 10%
token retention, it improves overall performance by 12.14 percentage points. At 20% retention, it
accelerates the prefill phase by a factor of 1.73× while simultaneously reducing memory consump-
tion to 86.08%. The contributions of this paper could be summarized as:

• We propose VisionSelector, a novel framework that reformulates visual token compres-
sion from heuristic-based post-processing to an end-to-end learnable decision process, op-
timized directly by downstream losses.

• We design a lightweight, plug-and-play, and training-efficient module (12.85M parameters)
that seamlessly integrates with existing MLLMs. It requires no backbone modification,
maintains compatibility with various acceleration techniques(e.g., FlashAttention), and its
learned mechanism effectively alleviates heuristic-driven biases such as sink attention.

• Trained at a single fixed compression rate, our approach demonstrates exceptional adapt-
ability by generalizing to various compression budgets during inference. Our method sig-
nificantly reduces memory usage and prefill time while maintaining superior accuracy, out-
performing baselines across various compression budgets on 13 image and video under-
standing benchmark.

2 RELATED WORK

High-resolution images, multiple images, and video inputs significantly increase visual token counts
in multimodal large language models (MLLMs), imposing substantial computational and memory
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burdens on Transformer-based models. Therefore, visual token compression is crucial for efficient
MLLM deployment (Wan et al., 2024; Tu et al., 2024). Existing training-free heuristics fall into
three categories: transformation-based (Zhu et al., 2024), attention-based (Chen et al., 2024a; Shang
et al., 2024; Arif et al., 2025; Yang et al., 2025b; Zhang et al.), and similarity-based methods (Bolya
et al.; Alvar et al., 2025; Wen et al., 2025; Wang et al., 2025a; Yang et al., 2025a).

Transformation-based (Zhu et al., 2024) methods preserve structural information using operations
such as pixel shuffle and pooling, but they have fixed compression ratios, limited flexibility, and
may require additional training. Attention-based methods compress tokens by removing those with
low attention scores. For example, FastV (Chen et al., 2024a) utilizes vision-text attention scores as
a pruning criterion. However, these methods exhibit performance issues due to attention sink and
attention dispersion (Zhang et al., 2024b). Similarity-based methods achieve compression through
clustering or merging similar tokens. DART (Wen et al., 2025) compresses by identifying highly
similar duplicate token groups, while DivPrune (Alvar et al., 2025) selects tokens by preserving
diversity. However, these similarity-based methods may lose important fine-grained information.

Heuristic approaches depend on model-specific feature distributions and have generalization issues.
Consequently, some approaches (Jiang et al., 2025; Huang et al.) use Gumbel-Softmax to address
the non-differentiability of token selection during training. However, they exhibit an inherent mis-
match between stochastic sampling during training and deterministic selection at inference and often
require additional procedures such as LoRA (Hu et al., 2021) or instruct tuning (Liu et al., 2023),
increasing complexity.

We reformulate token compression as a learnable decision. Specifically, We introduce a lightweight,
learnable importance scorer and update only this module during training, enabling the model to
retain key tokens and effectively mitigate sink attention. In addition, we adopt a deterministic,
differentiable Top-K mechanism with a curriculum annealing strategy, bridges the train–inference
gap, and maintains stable behavior under arbitrary compression budgets.

3 METHOD

To overcome the limitations of current visual token compression techniques, we propose VisionS-
elector, a framework that recasts token compression as an end-to-end, task-oriented, and learnable
decision process. The framework is built upon three key components: a lightweight Learnable Im-
portance Scorer (LIS) for evaluating global token significance, a Differentiable Top-K Selection
(DTS) mechanism that enables gradient backpropagation, and a Curriculum Annealing Strategy
(CAS) to align training and inference. This integrated design achieves efficient, flexible token com-
pression while maintaining full compatibility with modern acceleration libraries like FlashAttention.

3.1 OVERALL FRAMEWORK

Our method, VisionSelector, is designed as a plug-and-play solution for seamless integration into
advanced MLLMs such as Qwen2.5-VL (Bai et al., 2025). We deploy it between the modality
interface and the large language model. The overall process, as illustrated in Figure 2, can be divided
into the following steps: First, the modality interface projects the features from the visual encoder
into visual tokens, V ∈ RN×D, required by the LLM, where N is the number of tokens and D is
the feature dimension. This set of features, V , is then fed into our proposed LIS, which generates an
importance score for each token, yielding a score vector s ∈ RN . Based on a predefined compression
budget b, the DTS utilizes the score vector s to generate a soft mask, Msoft ∈ [0, 1]N . This soft
mask is applied to the original visual token features via element-wise multiplication to suppress
the expression of non-critical tokens: Vpruned = Msoft ⊙ V . Finally, the pruned visual features,
Vpruned, are concatenated with the text token embeddings and fed into the LLM for subsequent
processing. The entire model is trained end-to-end using the loss from the downstream task and a
constraint loss designed to optimize the selection process.

3.2 LEARNABLE IMPORTANCE SCORER

As illustrated in Figure 2, our lightweight Learnable Importance Scorer is designed to capture each
token’s relative importance in the global visual context. It uses two linear layers to project the input
token features V into a Query (Q) and a Key (K):
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Figure 2: Overview of our VisionSelector. The framework introduces a lightweight, learnable
importance scorer to evaluate token importance. During training, the Differentiable Top-K Selection
produces a soft mask for gradient propagation, while a constraint loss integrated with a Curriculum
Annealing Strategy progressively transforms it into a hard mask. At inference, the standard Top-K
operation is applied for efficient token selection.

Q = VWq,K = VWk, (1)

where Wk,Wk ∈ RD×d are learnable projection matrices, and d is the hidden dimension.

We then compute the matrix product of Q and K to obtain a simplified self-attention score matrix
A ∈ RN×N . The final importance score si for each token i is the average of its interaction scores
with all other tokens:

A =
QKT

√
d

, si =
1

N

N∑
j=1

Aij . (2)

This design enables the scorer to perceive global context while remaining computationally efficient.
To ensure a smooth integration of the LIS module with the frozen pre-trained model and to maintain
stability during the initial training phase, we adopt a near-zero initialization strategy for its weights.

3.3 DIFFERENTIABLE TOP-K SELECTION MECHANISM

The standard Top-K operator is discrete and non-differentiable, which prevents end-to-end gradi-
ent flow to the LIS module. We adopt a continuous relaxation of Top-K to produce a soft mask
during training (Ahle, 2023), Msoft = DiffTopK(s) ∈ (0, 1)B×N , where DiffTopK denotes the
differentiable Top-K operator. The procedure is summarized in Algorithm1.

3.3.1 FORWARD PASS

Given a score vector s ∈ RB×N and the desired number of retained tokens k = N × b, we search
for a scalar threshold t via bisection such that:

M = DiffTopK(s) = σ(s+ t),
∑N

i=1Mi ≈ k, (3)
where σ(·) is the sigmoid function. The resulting soft mask Msoft can be interpreted as per-token
selection probabilities.Unlike Gumbel-Softmax, which introduces stochastic perturbations during
training and lacks strict monotonicity, the operator s → M = DiffTopK(s) inherits the monotonic-
ity of the sigmoid. Specifically, for any indices i, j ∈ {1, 2, ..., N},

[DiffTopK(s)]i > [DiffTopK(s)]j ⇔ si > sj , (4)
so high-score tokens are promoted by the soft mask and low-score tokens are suppressed.
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3.3.2 BACKWARD PASS VIA IMPLICIT DIFFERENTIATION

We differentiate M = σ(s+ t) under the implicit constraint
∑N

i=1 σ(si + t) = k. Let

v = σ
′
(s+ t), vi = Mi(1−Mi). (5)

From the constraint, we obtain
∂t

∂sj
= − vj∑

ivi
, (6)

which yields the Jacobian of the output with respect to the input:

∂M

∂s
= diag(v)− vvT∑

i vi
. (7)

Therefore, for any upstream gradient g = ∂L
∂s ,

∂L

∂s
= v ⊙ g − vT g∑

i vi
v, (8)

enabling end-to-end gradient propagation. The bisection is used only to solve for the threshold t
in the forward pass. Gradients are provided by implicit differentiation rather than backpropagating
through the search.

3.3.3 INFERENCE

This continuous relaxation is used only during training for gradient propagation. At inference time,
we apply the standard Top-K operator directly to the score vector to obtain a hard binary mask that
selects the top k tokens.

3.4 TRAINING OBJECTIVE WITH CURRICULUM ANNEALING STRATEGY

To effectively train the LIS and bridge the discrepancy between soft selection during training and
hard selection during inference, we design a composite loss function and introduce a curriculum
learning-based weight scheduling strategy. The total loss function Ltotal is defined as:

Ltotal = LCE + λtLconstraint, (9)

where LCE is the cross-entropy loss for the downstream task, Lconstraint is a constraint loss to
regularize the selection process, and λt is a dynamic weighting coefficient that is adjusted with the
training step t.

The objective of Lconstraint is to guide the soft mask Msoft used during training, to approximate
the ideal hard mask Mhard used at inference. We employ a binary cross-entropy loss to measure the
discrepancy between them:

Mhard = TopK(s), (10)

Lconstraint = BCE(Msoft,Mhard). (11)

The Lconstraint incentivizes the output values of the soft mask Msoft to polarize towards either 0
or 1, thereby enabling the score distribution learned by the LIS to be directly and effectively applied
for hard selection during inference.

The weighting coefficient λt is adjusted using a Curriculum Annealing Strategy. Early in training,
λt is set to a small initial value λstart, allowing the model to primarily focus on learning the down-
stream task itself. As training progresses, λt linearly increases to a predefined maximum value λend,
according to the schedule:

λt = λstart + (λend − λstart)×min(
tcurrent
ttotal

, 1.0), (12)

where tcurrent is the current training step, and ttotal is the total number of training steps.

This Curriculum Annealing Strategy ensures that the model first masters the fundamentals of the task
before gradually strengthening the regularization constraint on the token selection process, thereby
achieving a more stable and effective joint optimization.

5



Under review

4 EXPERIMENTS

To validate the effectiveness of VisionSelector, we conduct a series of experiments. This section
details our experimental setup, implementation specifics, and the evaluation benchmarks used.

4.1 EXPERIMENTAL SETTING

Models, Training Data and Hardware. All our experiments are based on the Qwen2.5-VL-7B(Bai
et al., 2025), a powerful open-source MLLM that serves as a high-performance baseline for our
study. We conduct supervised training by integrating our proposed LIS module into this model. For
training, we employ a mixed-dataset strategy. Our training data is a composite of several datasets
from Cambrian-737K (Tong et al., 2024), totaling approximately 144K samples. It primarily in-
cludes ChartQA (Masry et al., 2022), OCRVQA (Mishra et al., 2019), and a 10% random sample of
the COCO (Lin et al., 2014) dataset. This composition exposes the model to diverse visual scenarios,
including chart understanding, document OCR, and natural images, which enhances its generaliza-
tion capability. All experiments are conducted on 8 NVIDIA A800 GPUs (80GB). We utilized a
distributed data-parallel strategy and leveraged DeepSpeed ZeRO Stage 3 (Rasley et al., 2020) to
optimize the training process for efficient management of memory and computational resources.

Comparison Methods, Evaluation Framework, Datasets, and Tasks. We select the attention-
based methods FastV (Chen et al., 2024a), PruMerge+ (Shang et al., 2024) and VisionZip (Yang
et al., 2025b), as well as the non-attention-based methods DART (Wen et al., 2025) and DivPrune
(Alvar et al., 2025) as our baselines. See the Appendix A.2 for more details. To ensure fairness and
reproducibility, we conduct a comprehensive evaluation of our method and the comparison methods
under the same LMMs-Eval (Zhang et al., 2024a) framework. Our evaluation covers both image and
video modalities, utilizing 9 image-language datasets and 4 video-language datasets. For image-
language understanding, we focus on assessing performance in information-dense visual tasks.
We select a suite of OCR and text-centric VQA datasets, including TextVQA (Singh et al., 2019),
DocVQA (Mathew et al., 2021), OCRBench (Liu et al., 2024b), and ChartQA (Masry et al., 2022),
to test the model’s ability to recognize and comprehend embedded text. To measure complex rea-
soning about object relationships, attributes, and spatial layouts, we employ the AI2D (Kembhavi
et al., 2016) and ScienceQA (Lu et al., 2022) datasets. Furthermore, we test cross-domain knowl-
edge and expert-level reasoning using two challenging comprehensive benchmarks: MME (Fu et al.,
2024) and MMMU (Yue et al., 2024). Finally, we used the POPE (Li et al., 2023b) benchmark to
quantify the model’s hallucination levels and ensure content faithfulness. For video-language un-
derstanding, we utilized MVBench (Li et al., 2024), SEEDBench (Li et al., 2023a), VideoMME
(Fu et al., 2025), and NeXT-QA (Xiao et al., 2021). These benchmarks collectively form a compre-
hensive evaluation suite designed to measure performance on advanced tasks such as temporal event
understanding, dynamic relationship reasoning, and causal question-answering over video content.

4.2 IMPLEMENTATION DETAILS

Model Configuration and Training Strategy. We seamlessly integrate the LIS module following
the modality interface of the baseline model. During training, we adopt a parameter-efficient ap-
proach, exclusively updating the parameters of the LIS module while keeping all pre-trained weights
frozen. This strategy not only preserves the powerful pre-trained knowledge of the baseline model
and is suitable for scenarios with proprietary training sets, but also significantly reduces the compu-
tational overhead of training.

Hyperparameter Settings. We train the model for 1 epoch on the mixed dataset. The projection
dimension d for Wq and Wk is set to 1792. We use the AdamW optimizer with a cosine annealing
learning rate scheduler, setting the initial learning rate to 5e − 5 with a linear warm-up for the first
0.03 epochs. The per-device batch size is 16, and we use 4 steps of gradient accumulation, resulting
in an effective global batch size of 256. The retention budget for visual tokens is set to 20%. For the
constraint loss weight, λt, we adopt a Curriculum Annealing Strategy, linearly increasing it from an
initial value of 0.1 to a final value of 2.0 over the course of training.
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4.3 IMAGE-LANGUAGE UNDERSTANDING EVALUATION

To evaluate VisionSelector, we compare a model trained with a 20% budget against multiple base-
lines across varying budgets, and the results in Table 1 validate the effectiveness of our method while
highlighting the advantage of an end-to-end learning paradigm over fixed, heuristic rules.

The experimental data clearly indicate that across all compression ratios, the overall performance
of VisionSelector significantly surpasses that of all baseline methods. At a 20% budget, VisionSe-
lector maintains 94.83% of the baseline model’s average performance, outperforming the next-best
method by over 7 percentage points. Under an extreme compression budget of 10%, this perfor-
mance gap widens to more than 12 percentage points. Particularly noteworthy is the behavior when
the budget tightens from 20% to 10%: attention-based baselines show a sharp performance drop,
with VisionZip decreasing by approximately 14 percentage points, whereas VisionSelector’s per-
formance declines more gracefully by about 6 percentage points. We hypothesize that the severe
performance drop in baseline methods is attributable to their reliance on pre-trained attention maps.
When the budget is extremely limited, inherent biases such as attention sink may force these mod-
els to retain tokens that are positionally early but semantically irrelevant, leading to a performance
collapse. In contrast, the learnable mechanism of VisionSelector demonstrates superior robustness.

A surprising finding is that in certain scenarios, VisionSelector not only enhances efficiency but
can also improve performance beyond the 100% token baseline by filtering out noisy information.
With a 30% budget, VisionSelector achieves 100.07% relative performance on the MME bench-
mark, demonstrating lossless and even gainful compression. This phenomenon indicates that our
learned importance scores enable VisionSelector to effectively prune task-irrelevant and potentially
distracting visual noise. Consequently, the model can better focus on critical information, leading to
improved reasoning accuracy.

4.4 VIDEO-LANGUAGE UNDERSTANDING EVALUATION

To further validate the generalization capability of VisionSelector, we evaluate it on video–language
understanding tasks. Specifically, we take the model trained exclusively on image data with a 20%
budget and directly apply it to four representative video benchmarks: MVBench, SEED-Bench,
VideoMME, and NeXT-QA.

In selecting baselines, we note that VisionZip and PruMerge+ cause out-of-memory (OOM) errors
when integrated with the Qwen2.5-VL architecture, owing to their operational placement. Qwen2.5-
VL utilizes a PatchMerger module for initial token compression after the visual encoder. Since both
VisionZip and PruMerge+ compute attention at the direct output of the visual encoder, they incur
prohibitive computational and memory costs. Consequently, we select FastV, DART, and DivPrune
as baselines for this evaluation.

The results in Table 2 show that VisionSelector outperforms FastV, DART and DivPrune across most
video datasets. On MVBench, VisionSelector achieves 66.55% accuracy, significantly higher than
the baselines. Overall, VisionSelector attains a 98.13% performance retention rate on these video
tasks. This demonstrates that importance criteria learned through an end-to-end process generalize
more effectively to temporal data and enable the precise identification of key video tokens compared
to fixed heuristic rules.

4.5 EFFICIENCY ANALYSIS

This section quantifies the computational efficiency advantages of our method. We analyze effi-
ciency on video tasks across three key metrics: max memory usage, prefill time, and end-to-end
(E2E) latency.

As detailed in Table 2, we analyze this using the MVBench dataset, which has a high average token
count of 6,828. VisionSelector’s prefill time is only 760.82 ms and its end-to-end latency is 924.57
ms, achieving 1.86× and 1.74× speedups over the baseline model, respectively, and is significantly
faster than all comparison methods. Our method matches DivPrune in memory efficiency by lower-
ing peak memory usage to 17.57 GB, a 32.3% reduction from the baseline model. This implies that
under the same hardware constraints, our method can process longer visual contexts than compet-
ing methods, which is crucial for advancing the application of MLLMs in real-world scenarios like
long-video understanding.
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Table 1: Comparison results with different methods on Image-Language benchmarks. Note that
our method, trained with a fixed 20% retention budget, exhibits adaptability to varying compression
budgets during inference. Evaluation is conducted with LMMs-Eval (Zhang et al., 2024a).

DocVQA ChartQA TextVQA OCRBench ScienceQA AI2D MMMU MME POPEMethod Anls Relaxed EM Acc EM EM Acc Score F1 Avg

Dynamic Resolution(MinPix=256×28×28,MaxPix=2048×28×28),Upper Bound (100%)
Avg. Visual Tokens 1951.61 596.06 976.58 652.82 323.05 510.19 601.15 867.67 359.55
Qwen-2.5-VL-7B 94.33 83.40 82.84 838 87.26 93.59 50.78 2342.15 86.19 100%

Retain 30% Tokens (70% Compression Ratio)
84.01 67.64 80.22 687 83.06 86.92 49.44 2263.58 80.47FastV (ECCV2024) 89.06% 81.10% 96.84% 81.98% 95.22% 92.87% 97.36% 96.65% 93.36% 91.61%

73.95 62.24 73.71 648 85.22 82.77 47.67 2239.64 83.69PruMerge+ (ICCV2025) 78.39% 74.63% 88.98% 77.33% 97.66% 88.44% 93.88% 95.62% 97.10% 88.00%

86.11 72.28 77.30 711 86.61 87.86 49.44 2276.04 84.73VisionZip (CVPR2025) 91.29% 86.67% 93.31% 84.84% 99.26% 93.88% 97.36% 97.18% 98.31% 93.57%

62.60 56.88 74.45 629 84.33 75.94 47.89 2218.83 83.43DART (EMNLP2025) 66.36% 68.20% 89.87% 75.06% 96.64% 81.14% 94.31% 94.73% 96.80% 84.79%

82.51 67.52 78.52 720 86.01 88.28 48.33 2224.06 84.68DivPrune (CVPR2025) 87.47% 80.96% 94.79% 85.92% 98.57% 94.33% 95.18% 94.96% 98.25% 92.27%

92.89 72.96 81.45 809 85.77 92.00 50.11 2343.77 85.05VisionSelector 98.47% 87.48% 98.32% 96.54% 98.29% 98.30% 98.68% 100.07% 98.68% 97.20%

Retain 20% Tokens (80% Compression Ratio)
75.99 60.48 78.01 597 82.75 82.35 49.00 2152.74 76.12FastV (ECCV2024) 80.56% 72.52% 94.17% 71.24% 94.83% 87.99% 96.49% 91.91% 88.32% 86.45%

61.09 52.56 68.72 562 83.79 77.62 46.11 2219.3 81.74PruMerge+ (ICCV2025) 64.76% 63.02% 82.96% 67.06% 96.02% 82.94% 90.80% 94.75% 94.84% 81.91%

74.75 62.04 72.03 591 84.68 82.32 47.00 2168.86 83.23VisionZip (CVPR2025) 79.24% 74.39% 86.95% 70.53% 97.04% 87.96% 92.56% 92.60% 96.57% 86.43%

50.03 47.16 67.53 537 83.34 71.04 47.00 2138.61 80.16DART (EMNLP2025) 53.04% 56.55% 81.52% 64.08% 95.51% 75.91% 92.56% 91.31% 93.00% 78.16%

73.81 57.88 73.86 648 84.33 82.29 46.33 2198.82 83.55DivPrune (CVPR2025) 78.25% 69.40% 89.16% 77.33% 96.64% 87.93% 91.24% 93.88% 96.94% 86.75%

89.91 68.84 80.05 770 85.67 90.15 49.22 2293.54 84.27VisionSelector 95.31% 82.54% 96.63% 91.89% 98.18% 96.32% 96.93% 97.92% 97.77% 94.83%

Retain 10% Tokens (90% Compression Ratio)
58.64 44.64 70.83 440 81.95 75.74 45.78 1940.91 65.99FastV (ECCV2024) 62.16% 53.53% 85.50% 52.51% 93.91% 80.93% 90.15% 82.87% 76.56% 75.35%

42.08 41.56 56.87 417 81.56 71.08 45.22 1948.58 76.52PruMerge+ (ICCV2025) 44.61% 49.83% 68.65% 49.76% 93.47% 75.95% 89.05% 83.20% 88.78% 71.48%

48.29 42.84 55.94 404 82.60 73.09 45.44 1944.04 78.46VisionZip (CVPR2025) 51.19% 51.37% 67.53% 48.21% 94.66% 78.10% 89.48% 83.00% 91.03% 72.73%

33.13 34.00 53.97 415 81.85 67.10 46.44 1980.7 71.91DART (EMNLP2025) 35.12% 40.77% 65.15% 49.52% 93.80% 71.70% 91.45% 84.57% 83.43% 68.39%

54.04 39.80 64.65 477 82.15 72.80 46.00 2015.66 79.27DivPrune (CVPR2025) 57.29% 47.72% 78.04% 56.92% 94.14% 77.79% 90.59% 86.06% 91.97% 75.61%

77.25 62.28 75.37 646 83.54 84.72 47.44 2175.75 79.73VisionSelector 81.89% 74.68% 90.98% 77.09% 95.74% 90.52% 93.42% 92.90% 92.50% 87.75%

Table 2: Performance and efficiency comparisons. Task performance is evaluated across various
video-language benchmarks, while efficiency metrics are benchmarked on MVBench.

Method MVBench SEEDBench VideoMME NextQA Performance Max GPU Prefill Time (ms) E2E Latency
Acc Acc Score WUPS (%) mem (GB) (ms) (ms)

Qwen2.5-VL-7B 68.10 60.48 60.67 27.58 100% 25.97 1413.34 1605.31
FastV (ECCV2024) 65.75 oom 59.15 27.00 97.31% 24.63 851.76 1021.83

DART (EMNLP2025) 65.80 61.00 57.74 26.84 97.49% 18.93 832.58 996.55
Divprune (CVPR2025) 65.85 59.79 57.78 27.00 97.17% 17.55 1184.00 1345.24

Ours 66.55 59.82 59.22 27.10 98.13% 17.57 760.82 924.57

4.6 ABLATION STUDY

We conduct a series of comprehensive ablation studies to validate the effectiveness of VisionSelec-
tor’s key components and to determine the optimal hyperparameter settings. All experiments are
performed on the Qwen2.5-VL-7B model, and we evaluate the results across several benchmarks
spanning multiple dimensions: document understanding (DocVQA, OCRBench), scientific reason-
ing (ScienceQA, MMMU), and hallucination evaluation (MME, POPE). The detailed configurations
and results are presented in Table 3.

Impact on training data composition. As detailed in configurations 1, 2, and 3, we progressively
enrich the training data. The results reveal a clear trend: a more diverse training set leads to signif-
icant performance gains. Notably, with the inclusion of the general-purpose COCO dataset (Config
3 vs. Config 2), the model’s performance on OCR-related tasks improves substantially: the ANLS
score on DocVQA increases from 87.59 to 89.34, and the OCRBench score jumps from 701 to 763.
This indicates that exposure to diverse natural images enhances the model’s general visual represen-
tation capabilities, which in turn benefits its performance on domain-specific tasks. Furthermore,
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Table 3: Ablation study on the impact of training data composition and curriculum annealing strat-
egy (λt) on model performance.

Dataset DocVQA OCRBench MMMU MME POPE
Config OCRVQA ChartQA 10%COCO λt BatchSize LearningRate Dim Anls Acc Acc Score F1 Avg

1 ✓ 0.1∼3 8 1e-4 1024 86.85 700 48.78 2238.43 81.58 92.38%
2 ✓ ✓ 0.1∼3 8 1e-4 1024 87.59 701 48.78 2270.09 81.84 92.89%
3 ✓ ✓ ✓ 0.1∼3 8 1e-4 1024 89.34 763 48.89 2282.37 83.93 95.37%
4 ✓ ✓ ✓ 3 8 1e-4 1024 83.69 613 47.22 2172.38 83.70 88.94%
5 ✓ ✓ ✓ 0.1∼2 8 1e-4 1024 89.54 779 49.00 2272.71 83.90 95.75%

VisionSelector ✓ ✓ ✓ 0.1∼2 16 5e-5 1792 89.91 770 49.22 2293.54 84.27 95.96%

the increase in the F1-score on the POPE dataset suggests that diverse training data also helps to
suppress model hallucinations.

Impact of the Curriculum Annealing Strategy for λt. To validate CAS’s importance, we com-
pare it against a constant weighting strategy. The resulting performance difference is stark: the
model’s average score drops sharply from 95.37% (Config 3) to 88.94% (Config 4). This finding
strongly confirms our hypothesis that an excessively high initial constraint loss forces the model
to prematurely focus on polarizing token scores rather than on learning the downstream task itself.
In contrast, the annealing strategy allows the model to first grasp task-relevant features and then
gradually strengthen the binarization constraint on the selection mask, resulting in a more stable and
effective optimization process. We also find that a slightly gentler annealing range (from 0.1 to 2,
Config 5) yields a minor performance improvement, boosting the average score to 95.96%.

4.7 VISUALIZATION OF TOKEN SELECTION RESULTS

As illustrated in Figure 3, heuristic-based pruning methods exhibit clear limitations. VisionZip is
prone to issues like attention sink and dispersion, which obscure salient tokens. DivPrune tends to
drop semantically rich tokens, such as the logo. Both methods incorrectly preserve low-information
background tokens, highlighting their dependence on model-specific feature distributions. In con-
trast, VisionSelector pinpoints and retains the critical tokens containing the phone number to answer
correctly, demonstrating the superiority of its learned selection mechanism.

Figure 3: Qualitative results of VisionSelector on TextVQA. The top row compares three meth-
ods for scoring token importance, where warmer colors (red) correspond to higher importance
scores. The bottom row illustrates the tokens selected by each method and the corresponding model
predictions at a 20% compression budget.

5 LIMITATIONS

While our study demonstrates the significant potential of token compression for MLLM inference
acceleration, it shares an inherent limitation with current selection-based paradigms: it operates
on a ’hard selection’ (i.e., keep-or-discard) principle. This mechanism, while effective, inevitably
results in the complete loss of information from discarded tokens. This limitation points toward a
key direction for future research: exploring new token compression paradigms to achieve lossless
performance.
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6 CONCLUSION

In this study, we present VisionSelector, a learnable token pruning method based on a differentiable
Top-K mechanism. During training, the model assigns importance scores to visual tokens via a
learnable scorer, applies a differentiable Top-K to produce a soft mask, and uses a hard-mask con-
straint with curriculum annealing to bridge the train–inference gap. At inference, we revert to a
standard and efficient Top-K selection. Driven by downstream objectives, the model autonomously
discovers critical visual tokens.

Comprehensive evaluations on various image and video benchmarks demonstrate that VisionSelec-
tor sets a new state-of-the-art. It provides a superior balance of inference speed, memory footprint,
and model accuracy across various compression budgets.

REPRODUCIBILITY STATEMENT

Data preparation appears in Section 4.1, and to ensure reproducible sampling on the COCO dataset,
we fix the random seed at 42 during training. Implementation details appear in Section 4.2. Code
and models will be publicly available.
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A APPENDIX

A.1 COMPARISON WITH DYNAMIC-LLAVA ON QWEN2.5-VL-7B

To ensure a fair comparison and validate the effectiveness of our approach, we re-implemented the
trainable image predictor module from Dynamic-LLaVA (Huang et al.) (referred to as Dynamic) on
Qwen2.5-VL-7B. During training, only the parameters of the image predictor are updated, while all
other components remain frozen. The training configuration strictly follows the settings described
in the original paper: the temperature of the Gumbel Softmax is annealed from τstart = 1.0 to
τend = 0.1, the learning rate of the image predictor is set to 2e−4, and the batch size is 8. The model
is trained for 1 epoch on the same datasets used by our method, including OCRVQA, TextVQA, and
10% randomly sampled COCO images.

The results are summarized in Table 1 and Table 4. Compared with training-free methods, Dynamic
demonstrates strong capability on text-oriented benchmarks (e.g., DocVQA, ChartQA, TextVQA,
and OCRBench), though its generalization to broader visual reasoning datasets such as MMMU and
POPE is somewhat reduced. In contrast, VisionSelector consistently surpasses Dynamic across all
benchmarks and also outperforms training-free methods in most cases. Remarkably, it maintains
strong robustness and generalization even under severe compression (retaining only 20% or 10% of
tokens), demonstrating its superior capability in adaptive visual token selection.

Table 4: Comparison results of our method and Dynamic on image-language understanding datasets
under Qwen2.5-VL-7B.

DocVQA ChartQA TextVQA OCRBench ScienceQA AI2D MMMU MME POPEMethod Anls Relaxed EM Acc EM EM Acc Score F1 Avg

Dynamic Resolution(MinPix=256×28×28,MaxPix=2048×28×28),Upper Bound (100%)
Avg. Visual Tokens 1951.61 596.06 976.58 652.82 323.05 510.19 601.15 867.67 359.55

Qwen2.5-VL-7B 94.33 83.40 82.84 838 87.26 93.59 50.78 2342.15 86.19 100%

Retain 30% Tokens (70% Compression Ratio)
86.32 68.88 73.56 750 78.78 83.29 41.78 2180.42 80.87Dynamic (ICLR2025) 91.51% 82.59% 88.80% 89.50% 90.28% 88.99% 82.28% 93.09% 93.83% 88.99%

92.89 72.96 81.45 809 85.77 92.00 50.11 2343.77 85.05VisionSelector 98.47% 87.48% 98.32% 96.54% 98.29% 98.30% 98.68% 100.07% 98.68% 97.20%

Retain 20% Tokens (80% Compression Ratio)
79.21 65.92 71.73 674 77.00 81.87 42.56 2117.37 77.22Dynamic (ICLR2025) 83.97% 79.04% 86.59% 80.43% 88.24% 87.48% 83.81% 90.40% 89.59% 85.51%

89.91 68.84 80.05 770 85.67 90.15 49.22 2293.54 84.27VisionSelector 95.31% 82.54% 96.63% 91.89% 98.18% 96.32% 96.93% 97.92% 97.77% 94.83%

Retain 10% Tokens (90% Compression Ratio)
61.17 59.96 68.25 557 75.71 76.10 43.11 1977.58 70.80Dynamic (ICLR2025) 64.85% 71.89% 82.39% 66.47% 86.76% 81.31% 84.90% 84.43% 82.14% 78.35%

77.25 62.28 75.37 646 83.54 84.72 47.44 2175.75 79.73VisionSelector 81.89% 74.68% 90.98% 77.09% 95.74% 90.52% 93.42% 92.90% 92.50% 87.75%

A.2 DETAILS ABOUT COMPARISON METHOD

We select five representative visual token compression methods for comparison, covering several
mainstream technical approaches. FastV (Chen et al., 2024a) is an attention-based pruning method
that operates after the second layer of the MLLM. It selects visual tokens based on the attention
scores they receive from text tokens. PruMerge+ (Shang et al., 2024) also leverages attention mech-
anisms but at the visual encoder stage. It identifies key tokens via attention sparsity and then merges
the remaining tokens using K-Nearest Neighbors (KNN) clustering. VisionZip (Yang et al., 2025b)
is a text-agnostic compression method. It selects ”dominant tokens” based on the attention map from
the final visual encoder layer and merges the remaining ”contextual tokens” according to semantic
similarity. DART (Wen et al., 2025) identifies groups of near-duplicate tokens by computing the
cosine similarity between all visual tokens. It then retains only one representative token from each
group, achieving efficient compression while preserving key information. DivPrune (Alvar et al.,
2025) models the token pruning task as a Max-Min Diversity Problem, aiming to maximize the
informational diversity of the preserved subset of tokens.
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A.3 ADDITIONAL EXPERIMENTS ON ABLATION STUDY

To investigate the impact of hyperparameters (batch size, learning rate) and the score projector
dimension d, we provide a detailed ablation study in Table 5.

Impact of Hyperparameters. As we increase the batch size from 8 (Config 5) to 16 (Config 6),
we observe a modest but consistent performance improvement. However, a further increase to 32
(Config 7) leads to a slight performance decline. This indicates that a batch size of 16 is optimal for
our setup, likely due to more stable gradient estimation. Subsequently, we adjust the learning rate.
Lowering the learning rate from 1e− 4 to 5e− 5 (Config 8 vs. Config 9) yields further performance
gains, especially on complex reasoning benchmarks such as ScienceQA and MMMU. This suggests
that a smaller learning rate facilitates better model convergence for our complex, joint optimization
objective.

Impact of Scorer Projection Dimension d. We increase d from 1024 (Config 7) to 1792 (Config
8), which corresponds to half of the model’s hidden dimension. This adjustment leads the model
to achieve its best performance across all configurations, reaching a peak average score of 96.33%.
The performance gain is particularly pronounced on the POPE benchmark, where the F1-score peaks
at 84.27. This indicates that a larger-capacity scorer can more finely model complex inter-token
relationships, leading to more accurate identification of critical visual information and more effective
suppression of object-level hallucinations.

Table 5: Ablation study on the impact of training data composition, curriculum annealing strategy
(λt), and hyperparameters on model performance, implemented on the Qwen2.5-VL-7B model.

Dataset DocVQA OCRBench ScienceQA MMMU MME POPE
Config OCRVQA ChartQA 10%COCO λt BatchSize LearningRate Dim Anls Acc EM Acc Score F1 Avg

1 ✓ 0.1∼3 8 1e-4 1024 86.85 700 85.47 48.78 2238.43 81.58 93.31%
2 ✓ ✓ 0.1∼3 8 1e-4 1024 87.59 701 84.78 48.78 2270.09 81.84 93.60%
3 ✓ ✓ ✓ 0.1∼3 8 1e-4 1024 89.34 763 85.52 48.89 2282.37 83.93 95.81%
4 ✓ ✓ ✓ 3 8 1e-4 1024 83.69 613 84.48 47.22 2172.38 83.70 90.26%
5 ✓ ✓ ✓ 0.1∼2 8 1e-4 1024 89.54 779 84.68 49.00 2272.71 83.90 95.97%
6 ✓ ✓ ✓ 0.1∼2 16 1e-4 1024 89.98 772 84.88 49.22 2279.07 83.94 96.07%
7 ✓ ✓ ✓ 0.1∼2 32 1e-4 1024 88.51 730 85.13 48.56 2247.40 82.89 94.38%
8 ✓ ✓ ✓ 0.1∼2 16 5e-5 1024 89.95 756 85.57 49.67 2303.66 83.56 96.13%

9 (VisionSelector) ✓ ✓ ✓ 0.1∼2 16 5e-5 1792 89.91 770 85.57 49.22 2293.54 84.27 96.33%

A.4 ANALYSIS OF MODEL PERFORMANCE UNDER DIFFERENT COMPRESSION BUDGETS

We analyze model performance under different compression budgets. Figure 4 plots the average
performance retention rate across the nine image understanding datasets detailed in Table 1, com-
paring models trained and evaluated under different compression budgets. The analysis reveals three
key findings: First, a model performs robustly when the testing compression budget is equal to or
higher than its training budget. This shows that our method has learned the most critical tokens
under different training compression budgets. Second, performance degrades significantly when a
model is tested at a compression rate stricter than its training condition. This implies that a loose
training compression rate weakens the model’s ability to discriminate among critical visual tokens.
Third, training with a moderate compression rate (e.g., 20%) enhances overall robustness. The
model trained at a 20% budget maintains high performance across most tested budgets. Its con-
sistently strong performance across all budgets makes it more versatile for practical deployments
where testing constraints may vary.

Although its performance fluctuates with the training budget, our method’s overall effectiveness
surpasses most heuristic-based approaches, highlighting the superiority of a learnable compression
strategy over rule-based ones.

A.5 ADDITIONAL EXPERIMENTS ON QWEN2.5-VL-3B

Implementation Details We utilize the Qwen2.5-VL-3B (Bai et al., 2025) model as its foundation.
We perform all training and inference on a platform consisting of 8 NVIDIA A800 (80G) GPUs. The
consolidated training data includes the OCRVQA, ChartQA, and a randomly sampled 10% subset
of the COCO dataset, creating a total of 144K training examples. Regarding hyperparameters, the
hidden layer dimension of Qwen2.5-VL-3B is 2048, so we define our parameter d as 1024. The
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Figure 4: The impact of training and testing compression budgets on performance retention. The plot
illustrates the model’s performance robustness when trained under one compression budget (x-axis)
and evaluated under another (each colored line). A key observation is that models generalize well to
less strict compression budgets but suffer a significant performance degradation when subjected to
stricter compression than they were trained on.

learning rate is set to 5e − 5 with a batchsize of 8. We also define λstart = 0.1,λend = 2, and
b = 20%. The total number of trainable parameters in our experiment is 4.00M.

Quantitative Results. Table 6 presents the quantitative results of our experiments on Qwen2.5-
VL-3B. Our proposed method demonstrates superior performance over state-of-the-art approaches
across the majority of datasets and achieves a competitive result on the ScienceQA.

Table 6: Comparison results of our method and different baselines on image-language understanding
datasets under Qwen2.5-VL-3B.

DocVQA ChartQA TextVQA OCRBench ScienceQA AI2D MMMU MME POPEMethod Anls Relaxed EM Acc EM EM Acc Score F1 Avg

Dynamic Resolution(MinPix=256×28×28,MaxPix=2048×28×28),Upper Bound (100%)
Avg. Visual Tokens 1951.61 596.06 976.58 652.82 323.05 510.19 601.15 867.67 359.55

Qwen2.5-VL-3B 92.76 83.40 77.87 788 80.37 90.84 46.78 2168.46 86.94 100%

Retain 30% Tokens (70% Compression Ratio)
81.66 70.04 74.02 629 78.63 86.40 46.00 2048.53 82.94FastV (ECCV2024) 88.03% 83.98% 95.06% 79.82% 97.96% 95.11% 98.33% 94.47% 95.40% 92.02%

65.43 63.88 64.29 553 78.93 79.24 46.00 2051.01 84.78PruMerge+ (ICCV2025) 70.54% 76.59% 82.56% 70.18% 98.33% 87.23% 98.33% 94.58% 97.52% 86.21%

81.38 75.40 67.71 635 79.47 84.88 45.44 2065.69 86.00VisionZip (CVPR2025) 87.73% 90.41% 86.95% 80.58% 99.00% 93.44% 97.14% 95.26% 98.92% 92.16%

65.96 64.80 63.64 541 79.72 72.28 45.44 1996.75 84.85DART (EMNLP2025) 71.11% 77.70% 81.73% 68.65% 99.31% 79.57% 97.14% 92.08% 97.60% 84.99%

73.99 66.48 70.34 631 78.18 83.42 45.44 2010.72 86.38DivPrune (CVPR2025) 79.76% 79.71% 90.33% 80.08% 97.40% 91.83% 97.14% 92.73% 99.36% 89.81%

88.87 75.60 76.28 752 80.22 88.63 46.11 2095.06 85.95VisionSelector 95.81% 90.65% 97.96% 95.43% 99.94% 97.57% 98.57% 96.62% 98.86% 96.28%

Retain 20% Tokens (80% Compression Ratio)
72.90 62.00 71.41 560 78.88 83.29 45.11 1992.58 80.01FastV (ECCV2024) 78.59% 74.34% 91.70% 71.07% 98.27% 91.69% 96.43% 91.89% 92.03% 87.33%

52.58 54.76 58.44 484 79.97 74.06 44.89 1977.90 83.23PruMerge+ (ICCV2025) 56.68% 65.66% 75.05% 61.42% 99.63% 81.53% 95.96% 91.21% 95.73% 80.32%

69.62 65.76 59.97 506 79.97 78.79 45.67 1892.24 84.17VisionZip (CVPR2025) 75.05% 78.85% 77.01% 64.21% 99.63% 86.73% 97.63% 87.26% 96.81% 84.80%

51.01 54.24 56.44 537 80.96 69.07 45.33 1925.04 81.93DART (EMNLP2025) 54.99% 65.04% 72.48% 68.15% 100.86% 76.03% 96.90% 88.77% 94.24% 79.72%

63.82 57.64 66.76 535 80.46 77.59 45.56 1955.53 85.47DivPrune (CVPR2025) 68.80% 69.11% 85.73% 67.89% 100.24% 85.41% 97.39% 90.18% 98.31% 84.79%

84.32 73.48 74.97 705 79.82 86.59 46.56 2055.00 84.87VisionSelector 90.90% 88.11% 96.28% 89.47% 99.44% 95.32% 99.53% 94.77% 97.62% 94.60%

Retain 10% Tokens (90% Compression Ratio)
54.62 46.96 65.58 411 79.33 77.07 45.11 1815.70 70.28FastV (ECCV2024) 58.88% 56.31% 84.22% 52.16% 98.83% 84.84% 96.43% 83.73% 80.84% 77.36%

37.51 46.68 46.43 350 78.93 68.43 44.56 1777.60 77.55PruMerge+ (ICCV2025) 40.44% 55.97% 59.63% 44.42% 98.33% 75.33% 95.25% 81.98% 89.20% 71.17%

41.67 46.84 43.83 321 79.47 69.43 45.22 1725.49 78.60VisionZip (CVPR2025) 44.92% 56.16% 56.29% 40.74% 99.00% 76.43% 96.67% 79.57% 90.41% 71.13%

32.32 39.44 44.39 315 79.72 65.54 44.33 1733.77 75.41DART (EMNLP2025) 34.84% 47.29% 57.01% 39.97% 99.31% 72.15% 94.76% 79.95% 86.74% 68.00%

47.13 44.36 57.80 394 78.19 70.14 44.67 1782.737 80.50DivPrune (CVPR2025) 50.81% 53.19% 74.23% 50.00% 97.41% 77.21% 95.49% 82.21% 92.59% 74.79%

68.36 65.04 69.92 587 80.12 81.09 44.67 1928.75 81.72VisionSelector 73.70% 77.99% 89.79% 74.49% 99.81% 89.27% 95.49% 88.95% 94.00% 87.05%

A.6 ADDITIONAL EXPERIMENTS ON LLAVA-ONEVISION-1.5-8B

To evaluate the effectiveness of our method across different model architectures, we conduct ad-
ditional experiments on LLaVA-OneVision-1.5-8B (An et al., 2025). We use a batch size of 16, a
learning rate of 5e − 5, and set the hyperparameters to λstart = 0.1 and λend = 3. The projection
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dimension d for Wq and Wk is set to 2048. The retention budget for visual tokens is set to 20%. For
the constraint loss weight, λt, we adopt a Curriculum Annealing Strategy, linearly increasing it from
an initial value of 0.1 to a final value of 3.0 over the course of training. The training data consist of
the OCRVQA and TextVQA datasets, containing approximately 101K samples. The model trains
for 1 epoch on 8 NVIDIA A800 (80GB) GPUs, which takes about 2 hours. The number of trainable
parameters is 16.87M, accounting for 0.20% of the total parameters.

We evaluate our method on 13 image-language understanding benchmarks, as summarized in Ta-
ble 7, including the previously discussed datasets as well as MMBench (Liu et al., 2024a), Real-
WorldQA (x.ai, 2024), MMStar (Chen et al., 2024b), and VizWiz-VQA (Gurari et al., 2018).

The results show that the performance of FastV on LLaVA-OneVision-1.5-8B is relatively lower
compared with its results on Qwen2.5-VL, suggesting that training-free methods are influenced
by the internal feature distribution of the underlying model and may exhibit varying behaviors
across different architectures. VisionZip encounters CUDA out-of-memory (OOM) issues on high-
resolution datasets such as DocVQA and multi-image datasets such as MMMU, which is likely re-
lated to the specific layers where its attention operations are applied. This observation indicates that
further optimization may be needed to enhance its scalability in real-world deployment. DivPrune
achieves competitive results in general scenarios, while its performance on fine-grained semantic un-
derstanding tasks (e.g., DocVQA, ChartQA, and OCRBench) is relatively reduced, likely because
the diversity preservation process filters out some fine-grained semantic tokens.

Table 7: Comparison results of our method and different baselines on image-language understanding
datasets under LLaVA-OneVision-1.5-8B.

DocVQA ChartQA TextVQA OCRBench ScienceQA AI2D MMMU MME POPE MMB RealWord MMStar VizWizMethod Anls Relaxed EM Acc EM EM Acc Score F1 Score EM EM EM Avg

Dynamic Resolution(MinPix=256×28×28,MaxPix=2048×28×28),Upper Bound (100%)
Avg. Visual Tokens 3795.45 595.92 978.56 830.65 320.4 523.27 670.11 1154.48 359.75 278.28 1734.37 376.6 2000.28

LLaVA-OneVision-1.5-8B 97.87 86.72 79.51 830 98.56 94.01 56.44 2271.32 88.46 85.31 67.97 68.18 66.02 100%

Retain 30% Tokens (70% Compression Ratio)
86.51 68.64 72.27 596 91.22 83.52 53.67 2019.84 70.41 79.64 54.25 53.16 64.11FastV (ECCV2024) 88.39% 79.15% 90.89% 71.81% 92.55% 88.84% 95.09% 88.93% 79.60% 93.35% 79.81% 77.97% 97.11% 86.42%

oom 78.04 73.25 oom 96.23 85.33 oom oom 87.09 83.33 66.54 60.88 64.74VisionZip (CVPR2025) / 89.99% 92.13% / 97.64% 90.77% / / 98.45% 97.68% 97.90% 89.29% 98.06% /

85.23 70.64 76.03 645 94.65 89.35 54.11 2104.77 88.23 82.90 64.97 61.13 64.33DivPrune (CVPR2025) 87.08% 81.46% 95.62% 77.71% 96.03% 95.04% 95.87% 92.67% 99.74% 97.18% 95.59% 89.66% 97.44% 92.39%

95.46 79.68 78.12 755 97.27 91.77 55.00 2241.82 85.71 83.42 66.41 61.80 65.02VisionSelector 97.54% 91.88% 98.25% 90.96% 98.69% 97.62% 97.45% 98.70% 96.89% 97.78% 97.70% 90.64% 98.49% 96.35%

Retain 20% Tokens (80% Compression Ratio)
76.64 59.08 67.33 489 87.95 78.89 51.33 1918.66 67.08 76.29 52.15 48.12 62.92FastV (ECCV2024) 78.31% 68.13% 84.68% 58.92% 89.23% 83.92% 90.95% 84.47% 75.83% 89.43% 76.73% 70.58% 95.30% 80.50%

oom 67.56 66.28 oom 91.87 79.18 oom oom 84.81 80.07 65.75 55.83 63.37VisionZip (CVPR2025) / 77.91% 83.36% / 93.21% 84.23% / / 95.87% 93.86% 96.73% 81.89% 95.99% /

75.90 58.64 72.73 556 92.46 84.26 52.56 2057.83 87.17 80.67 62.75 56.61 63.49DivPrune (CVPR2025) 77.55% 67.62% 91.47% 66.99% 93.81% 89.63% 93.13% 90.60% 98.54% 94.56% 92.32% 83.03% 96.17% 87.34%

90.51 74.72 76.02 677 95.79 90.45 55.11 2182.84 84.10 81.27 66.41 58.25 64.25VisionSelector 92.48% 86.16% 95.61% 81.57% 97.19% 96.21% 97.64% 96.10% 95.07% 95.26% 97.70% 85.44% 97.32% 93.37%

Retain 10% Tokens (90% Compression Ratio)
54.43 38.08 56.47 374 81.51 73.15 49.56 1800.00 62.89 71.05 49.28 42.65 60.94FastV (ECCV2024) 55.61% 43.91% 71.02% 45.06% 82.70% 77.81% 87.81% 79.25% 71.09% 83.28% 72.50% 62.56% 92.31% 71.15%

oom 43.12 47.17 oom 88.70 71.83 oom oom 79.25 73.28 61.04 48.11 59.84VisionZip (CVPR2025) / 49.72% 59.33% / 90.00% 76.41% / / 89.59% 85.90% 89.80% 70.56% 90.64% /

56.48 38.24 65.48 419 88.20 76.85 51.33 1897.29 83.92 76.89 60.13 51.26 61.05DivPrune (CVPR2025) 57.71% 44.10% 82.35% 50.48% 89.49% 81.75% 90.95% 83.53% 94.87% 90.13% 88.47% 75.18% 92.47% 78.57%

71.92 62.12 67.40 456 89.89 84.29 51.33 2002.44 80.48 77.58 62.88 51.71 61.57VisionSelector 73.49% 71.63% 84.77% 54.94% 91.20% 89.66% 90.95% 88.16% 90.98% 90.94% 92.51% 75.84% 93.26% 83.72%

A.7 ALGORITHMIC PROCEDURE OF DiffTopK

Following Equation 3, Differentiable Top-K solves the sigmoid threshold t during the forward pass
via the method of undetermined coefficients and obtains t by binary search, yielding a smooth ap-
proximation to Top-K so that each probability Mi lies in [0, 1]. Owing to the strict monotonicity of
σ(·), its compensability under global shifts (via adjusting t), and its saturation behavior in the low-
temperature or extreme-threshold limit, the mapping s → Msoft = σ(s+ t) satisfies monotonicity,
invariance to global shifts, and convergence toward standard Top-K.

During backpropagation, the threshold t varies with s but they satisfy an implicit constraint. Differ-
entiating this implicit equation yields a closed-form gradient, and the resulting backward computa-
tion appears in Algorithm 1.
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Algorithm 1: Differentiable Top-K
Input: s ∈ RB×N (scores), k ∈ Z+ (select count)
Output: M ∈ [0, 1]B×N (soft mask)
Function FindThresh(s, k)

lower ← −max(s, dim = 1)− 10
upper ← −min(s, dim = 1) + 10
for i← 1 to 64 do

mid ← (lower + upper)/2
m sum ←

∑
σ(s+mid)

mask ← m sum < k
lower [mask ]← mid [mask ]
upper [¬mask ]← mid [¬mask ]

return (lower + upper)/2

Procedure Forward (s, k)
t← FindThresh(s, k)
return σ(s+ t)

Procedure Backward (grad )
v ← σ′(s+ t)
ssum ←

∑
v

uv ← grad ⊙ v
uv sum ←

∑
uv

grad s ← uv − (uv sum/ssum)⊙ v
return grad s

A.8 USE OF LLMS

We use LLMs for grammar checking and text polishing to improve the readability of the paper.

A.9 MORE VISULIZATIONS

In Figure 5, we present examples on the MME dataset under a 30% retention budget where our
method outperforms Qwen2.5-VL-7B. This effect likely arises because our method guides attention:
it does not discard information at random but precisely removes “noise” tokens that interfere with
the model’s response. This observation suggests that in MLLMs, the quality of visual tokens is more
important than their quantity.

Figure 5: Qualitative examples on the MME dataset under a 30% retention budget: our method
preserves informative regions and removes distracting “noise” tokens, yielding clearer attention and
better answers than Qwen2.5-VL-7B across code reasoning, numerical calculation, and common-
sense reasoning.

And We provide additional visualizations. In Figure 6 and Figure 7, we present qualitative compar-
isons on the TextVQA dataset under a 20% budget. In Figure 8, we present qualitative comparisons
on the OCRBench dataset under a 20% budget. The results show that our method identifies the most
critical visual tokens and produces accurate answers for both natural images and charts.
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Figure 6: More qualitative comparison of VisionSelector on TextVQA. The top row visualizes dif-
ferent token scoring criteria: standard attention, a similarity map, and our learned importance scores.
The bottom row shows the resulting token selections and model predictions at a 20% budget.
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Figure 7: More qualitative comparison of VisionSelector on TextVQA. The top row visualizes dif-
ferent token scoring criteria: standard attention, a similarity map, and our learned importance scores.
The bottom row shows the resulting token selections and model predictions at a 20% budget.
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Figure 8: Qualitative comparison of VisionSelector on OCRBench. The top row visualizes different
token scoring criteria: standard attention, a similarity map, and our learned importance scores. The
bottom row shows the resulting token selections and model predictions at a 20% budget.
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