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Abstract

Vision-Language Models (VLMs) achieve
strong multimodal understanding by encod-
ing images as sequences of visual tokens, yet
cost hundreds and thousands of tokens per im-
age. Existing pruning methods often rely on a
single criterion, capturing only a partial view
of token necessity. Controlled experiments
reveal that token necessity is multi-faceted,
requiring the joint exploitation of heteroge-
neous pruning perspectives. To address this,
we propose MVP-Token, a novel Multi-View-
Guided Token Pruning method to learn token
necessity from multiple complementary prun-
ing perspectives. We first establish a dataset
MVP-PruneSet, which encompasses diverse
pruning criteria by running orthogonal prun-
ing methods, including a novel question-guided
method GRASP at the encoder side. We
then propose MVP-Pruner to capture such
multi-view supervision signals. Specifically,
a lightweight dual-attention module predicts
soft token-importance scores under multi-view
guidance. Extensive experiments demonstrate
the effectiveness of MVP-Token across differ-
ent model architectures. On LLaVA-1.5-7B,
our method can surpass the single-view base-
line by a clear margin. On Qwen2.5-VL-7B,
our method achieves a 1.33× speedup and a
24.6% latency reduction under dynamic reso-
lution and surpasses VisionZip by 1.87% of
the average performance over two retention ra-
tios. Our code is available at https://github.
com/ChenxiCCW/MVP.

1 Introduction

By processing images as visual token se-
quences alongside text, Vision-Language Models
(VLMs) (Liu et al., 2024; Bai et al., 2025b) ex-
cel across various multimodal tasks, such as visual
question answering (Antol et al., 2015; Goyal et al.,
2017), visual reasoning (Hudson and Manning,

*Corresponding authors.

Figure 1: (a) Previous methods exploit only partial cues
at different model stages. (b) MVP-Token uses single
post-encoder pruner to model multi cues.

2019) and image captioning (Chen et al., 2015).
Despite their strong multimodal reasoning capabil-
ity, modern VLMs inevitably process hundreds or
even thousands of visual tokens per image. This
dense representation incurs heavy computational
overhead due to the quadratic complexity of atten-
tion mechanisms. Therefore, pruning irrelevant
visual tokens without sacrificing performance of-
fers a principled path to inference efficiency.

Numerous token pruning methods have been pro-
posed, which can be broadly categorized into four
families. Attention-based methods leverage in-
ternal attention weights or saliency scores to iden-
tify and retain tokens that receive high response
values (Zhang et al., 2025a; Zou et al., 2025).
Diversity-based methods focus on maintaining a
spatially and semantically diverse set of tokens to
ensure broad visual coverage (Deng et al., 2025;
Yang et al., 2025; Baek et al., 2026). Question-
guided methods incorporate the query text into
the pruning process, selecting tokens most relevant
to answering the specific question (Zhang et al.,
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2025b; Sun et al., 2025). Training-based methods
fine-tune the model on large instruction-following
corpora in an end-to-end manner, relying on the
model to implicitly discover token importance as a
byproduct of next-token prediction (Takezoe et al.,
2026; Ye et al., 2025). However, as shown in Fig-
ure 1, each of these criteria only captures a partial
view of token importance, and single-view pruning
signals are often biased and insufficient to charac-
terize the overall token necessity.

For different pruning methods, there are two key
points. (1) Different pruning behaviors. Dif-
ferent methods preserve markedly different visual
regions, reflecting distinct inductive biases over to-
ken relevance. (2) Complementary pruning capa-
bilities. When evaluated on identical samples, the
success–failure patterns of different methods are in-
terleaved, meaning each method can solve specific
examples missed by others. This inherent comple-
mentarity suggests that token pruning should not
merely rely on a single heuristic mask. Instead,
heterogeneous pruning outcomes should be treated
as structured supervision, where different meth-
ods provide partial yet complementary evidence
about visual token importance. Which tokens are
jointly necessary across multiple complementary
pruning perspectives? How can we exploit the
contrastive structure that emerges when different
methods disagree on the same sample?

To address these questions, we propose MVP-
Token (Multi-View-Guided Token Pruning), a two-
stage framework leveraging multi-view token prun-
ing for efficient VLMs. In the first stage, we con-
struct a multi-method aggregated dataset MVP-
PruneSet to provide diverse perspectives. In par-
ticular, many question-guided methods prune in-
side the decoder, making them misaligned with
encoder-side methods. We design a novel question-
guided method GRASP (Grounding-Responsive
Aware Semantic Pruning) to ground the input query
onto the object-level token grid at the encoder side.
For each method and sample, we record whether
the pruned representation suffices to answer the
question correctly, yielding completeness annota-
tions from question-guided, attention-based, and
diversity-based perspectives. In the second stage,
to efficiently fuse the multi-view pruning informa-
tion, we design a lightweight adapter MVP-Pruner
trained with SFF-Label (Success–Failure Family
Label) supervision and a rank loss. Specifically,
SFF-Label is a soft labeling strategy that aggre-
gates heterogeneous pruning signals into per-token

importance labels. The rank loss directly super-
vises the relative importance of token pairs at both
coarse and fine-grained levels. In this way, MVP-
Pruner learns complementary multi-view evidence
into a single, unified importance score for each vi-
sual token, enabling efficient and accurate pruning
at inference time.

We evaluate our method on LLaVA-1.5-7B (Liu
et al., 2024) and Qwen2.5-VL-7B (Bai et al.,
2025b) across vision-language benchmarks. MVP-
Token outperforms existing pruning methods.
Specifically, it exceeds VisionZip by 2.83% and
0.91% in average accuracy evaluating Qwen2.5-
VL-7B at 20% and 30% retention respectively.
Against VisPruner, MVP-Token achieves a lower
per-sample latency (89.22 ms vs. 98.16 ms) and a
higher inference speedup (1.33× vs. 1.21×) over
the uncompressed baseline. Additionally, the vi-
sualization of retained tokens shows that MVP-
Token possesses a high degree of interpretability, ef-
fectively balancing question-conditioned relevance
and global contextual coverage.

2 Related Work

Vision-language models. VLMs achieve remark-
able success in multimodal understanding and in-
struction following. To align modalities, they typi-
cally employ a visual encoder such as CLIP (Rad-
ford et al., 2021) or SigLIP (Zhai et al., 2023) to ex-
tract high-dimensional features, which are flattened
into visual token sequences. These tokens are then
projected into a language decoder via linear projec-
tions (Liu et al., 2023), abstractors (Bai et al., 2023),
or cross-attention layers (Alayrac et al., 2022) for
autoregressive generation. However, modern ar-
chitectures increasingly adopt higher input resolu-
tions or dynamic scaling to preserve fine-grained
details (Liu et al., 2024; Bai et al., 2025b). This
trend explodes the sequence length to hundreds or
thousands of tokens, imposing a heavy computa-
tional burden due to the quadratic complexity of
attention. Optimizing token efficiency via pruning
is thus essential to accelerate VLM inference.

Visual token pruning. Existing visual token re-
duction methods can be broadly divided into four
families according to their selection criteria. (1)
Attention-based methods leverage attention maps
to identify salient regions. For example, Vis-
Pruner (Zhang et al., 2025a) uses self-attention
scores from the vision encoder to dynamically eval-
uate token significance, while HoloV (Zou et al.,
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Figure 2: Visualization of retained visual tokens (highlighted patches) under three pruning methods at a 64-token
budget. Each method preserves different spatial regions, reflecting distinct inductive biases over token relevance.

2025) utilizes global dependencies to preserve crit-
ical foreground objects. Though training-free, they
tend to overconcentrate on highly attended regions,
potentially overlooking low-saliency yet necessary
text or context. (2) Diversity-based methods mit-
igate informational redundancy by ensuring spa-
tial and semantic coverage through clustering or
sampling. SCOPE (Deng et al., 2025) maximizes
both semantic distinctiveness and spatial cover-
age. Some recent works incorporate mixed ob-
jectives. VisionZip (Yang et al., 2025) combines
spatial downsampling with attention-guided aggre-
gation, and AgilePruner (Baek et al., 2026) dynam-
ically balances attention and feature diversity by
employing an image-complexity adaptive thresh-
old to remove redundant tokens. (3) Question-
guided methods incorporate textual instructions to
anchor task-relevant regions. SparseVLM (Zhang
et al., 2025b) filters irrelevant tokens layer-by-
layer within the decoder via cross-modal atten-
tion matrices. LVPruning (Sun et al., 2025) ex-
tracts query-specific regions early to prevent back-
ground patches from entering the decoder while
AutoPrune (Wang et al., 2025) leverages mutual
information complexity between visual and textual
tokens to prune with different logistic retention
curves. Nevertheless, their efficacy heavily relies
on cross-modal alignment estimators, which can
degrade into noise when text comprehension or
grounding is weak. (4) Training-based methods
parameterize the selection module and optimize to-
ken distributions via data-driven supervision. ATP-
LLaVA (Ye et al., 2025) incorporates learnable rout-
ing parameters supervised by multi-task instruction
loss, and LearnPruner (Takezoe et al., 2026) de-
signs a plug-and-play network to learn instance-
level token values from the next-token prediction
objective. HiDrop (Wu et al., 2026) learns where
and how much to prune, optimizing a concave pyra-
mid schedule with an early-exit point through inter-
layer attention-similarity. Regrettably, aligning se-

lection with implicit generation losses without mod-
eling fine-grained, token-level necessity directly of-
ten induces biased or unstable compression under
tight budgets.

In summary, existing literature predominantly
relies on a singular pruning dimension, which in-
troduces heuristic biases and fails to fully charac-
terize token importance. This multi-faceted nature
of token necessity motivates a holistic framework
that synthesizes these complementary perspectives.

3 Preliminary Study

Token pruning methods for VLMs have been pro-
posed from several distinct perspectives, each
guided by a different hypothesis about what makes
a visual token necessary. To investigate the rela-
tionship among pruning strategies, we conduct a
preliminary study comparing three representative
methods that embody diverse philosophies, namely,
SCOPE (diversity-based), VisPruner (attention-
based), and SparseVLM (question-guided).

3.1 Spatial Distribution of Retained Tokens

Observation 1: Different methods attend to fun-
damentally different visual regions.

Figure 2 visualizes the tokens retained by each
method on identical image–question pairs. Despite
operating under identical budgets on identical in-
puts, the spatial distributions of retained tokens
diverge substantially.

Diversity-based pruning (SCOPE) scatters se-
lections across distinct spatial areas to maintain
global coverage. In contrast, attention-based prun-
ing (VisPruner) concentrates on visually salient
foreground regions. Yet, question-guided pruning
(SparseVLM) anchors retention to regions semanti-
cally grounded in the query text. These qualitative
differences are not incidental, as each method’s
core hypothesis is about what makes a token nec-
essary. No single method captures all aspects of
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Figure 3: Inference correctness across methods. Left:
Accuracy of each pruning method and their union under
a 64-token budget on GQA. Right: Jaccard similarity
between per-method correctness sets.

visual relevance simultaneously, motivating us to
unify their diverse signals.

3.2 Inference Correctness Across Methods
Observation 2: Different methods succeed and
fail on different samples, revealing complemen-
tary capabilities.

To further investigate whether this spatial diver-
gence translates into behavioral differences, we
analyze the inference correctness of each method
on GQA (Hudson and Manning, 2019).

Correctness patterns are interleaved, not aligned.
Figure 3 reports the accuracies of SparseVLM
(52.7%), VisPruner (55.4%), and SCOPE (58.4%)
at a 64-token budget. In addition, the accuracy
that any method answers correctly under pruning,
namely the union (65.3%) exceed +6.9% over the
strongest individual method. This gap reveals a sub-
stantial complementary correctness space, where
samples lie beyond the reach of any single method
yet remain collectively solvable.

To characterize the structure of this complemen-
tarity, Figure 3 reports the pairwise Jaccard sim-
ilarity between per-sample correctness sets over
12,578 GQA samples. Though similarities are sub-
stantial (0.767–0.830) on simple samples, the im-
perfect overlap shows that methods often uniquely
succeed where others fail.

3.3 Takeaway
The observations reveal that token necessity is in-
herently multi-faceted and cannot be faithfully
characterized by any single pruning criterion.
This directly motivates our MVP-Token to pursue
multi-view-guided token pruning.

4 Method

Based on discussions above, we propose MVP-
Token, a two-stage framework that prunes visual to-
kens by learning the complementary evidence from

multiple pruning perspectives. (1) MVP-PruneSet
collects multi-view token masks and per-sample
correctness annotations from three diverse pruning
families. (2) MVP-Pruner is a compact question-
aware scorer trained with multi-view supervision
in which SFF-Label translates complementary
success–failure evidence into relative importance
labels.

4.1 MVP-PruneSet
As mentioned, each pruning family embodies a
distinct inductive bias making them complementary
rather than redundant. MVP-PruneSet is designed
to preserve the diversity of pruning evidence, as
illustrated in Figure 4.

Mask collection. For each training sample we
collect masks from question-guided (GRASP),
attention-based (VisPruner), and diversity-based
(SCOPE). The proposed GRASP produces a
variable-size mask determined by the question con-
tent, while SCOPE and VisPruner each contribute
two fixed budgets (K=64 and 128) to enrich the
evidence range, giving five masks in total:

M = {Mg,Mv,K ,Ms,K}, (1)

where Mm ∈ {0, 1}N and N is the number of
visual tokens {vi} encoded from the image.

Question-guided mask. Existing question-
guided methods prune inside the LLM decoder,
after all visual tokens have already entered the
key-value cache. Their masks are therefore unsuit-
able as supervision for a pre-projector pruner. We
introduce GRASP (Grounding-Responsive Aware
Semantic Pruning) to supply a question-guided
mask as well as at the encoder side. Specifically,
a grounding model (Qwen3-VL (Bai et al., 2025a))
extracts the minimal set of visually relevant targets
for the question. And then, the targets are localized
by a text-prompted segmentation model (SAM3
(Carion et al., 2026)) as object masks, which
are projected onto the VLM’s 24 × 24 (LLaVA)
patch grid with identical preprocessing, yielding
Mm ∈ {0, 1}576 that is aligned with encoder-side
methods.

Moreover, each mask is applied to the frozen
VLM to record whether the pruned representation
still answers the question correctly. This turns each
mask into structured evidence as successful masks
confirm retained tokens are jointly sufficient and
failed masks reveal the retained sets are missing
something necessary.
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Figure 4: Overview of MVP-PruneSet construction. Three complementary pruning families annotate each training
sample with success–failure evidence to ensure complete multi-view coverage.

4.2 MVP-Pruner

We design MVP-Pruner to learn the token impor-
tance labels from multiple views. As illustrated
in Figure 5, visual and question tokens are pro-
jected into a shared latent space. Each pruner
block applies visual self-attention (spatial depen-
dencies), cross-attention to question tokens (query
context), and a SwiGLU FFN. A linear head out-
puts token-level, importance logit si = gθ(vi,T)
per visual token, where T denotes the question to-
ken sequence. At training, the backbone is frozen
and only the pruner is updated. At inference, only
the top-K tokens by si are forwarded to the frozen
VLM. Specifically, MVP-Pruner is trained with
SFF-Label as the supervision signal and a ranking-
centered objective that directly supervises the rel-
ative importance of token pairs at both coarse and
fine-grained levels.

SFF-Label. A token selected by multiple inde-
pendent views carries strictly stronger evidence of
necessity than one selected by only one. SFF-Label
operationalizes this intuition as a continuous im-
portance label yi ∈ [0, 1]. It lets tokens naturally
stratify by the breadth of cross-view evidence sup-
porting them, preserving the multi-faceted structure
of token necessity.

Reliability-weighted. Not all views are equally
trustworthy. We measure each mask type’s evi-
dence efficiency Em = Accm/Rm, which rewards
high accuracy at low retention rates. Mask-level
weights αm are normalized within each family and
family-level weights βf are normalized across fam-
ilies so that GRASP’s single mask is compared
fairly against multi-budget families.

Evidence fusion. Masks are split by correctness
into correct set C+ and wrong set C−. Within each
family f , positive support pf,i and failure selection
strength qf,i are defined as reliability-weighted re-
tention rates over C+∩f and C−∩f . Cross-family
aggregation then yields global signals:

Pi =
∑

f∈A+ β̄f pf,i, (2)

Qi =
∑

f∈A− β̄f qf,i, (3)

where β̄f denotes βf normalized over families with
at least one correct (A+) or failed (A−) mask. Pi is
high when multiple successful perspectives across
different families all retain token i. And Qi cap-
tures how often failed masks select i without suc-
cessful backing.

Soft label. A failed mask is not purely negative
evidence as it may retain genuinely necessary to-
kens while also including redundant or distracting
ones that cause the prediction to fail. Treating Qi as
a hard suppressor would therefore penalize neces-
sary tokens that happen to co-occur in failed masks.
We instead combine Pi and Qi via a Noisy-OR
formulation (Pearl, 1989):

yi = Pi

[
1−Qi(1− Pi)

]
. (4)

The suppression term Qi(1− Pi) acts only on the
positive-evidence deficit (1− Pi), namely, tokens
with strong multi-view positive support are largely
unaffected, while tokens absent from successful
masks yet persistent in failed ones are progressively
down-weighted. The resulting label stratifies to-
kens by the convergence of independent pruning
evidence, preserving the multi-faceted structure of
token necessity identified in Section 3.

47058



Figure 5: Overview of MVP-Pruner, supervised via a
ranking-centered objective.

Rank loss. Pruning is inherently a ranking prob-
lem. At inference, MVP-Pruner selects the top-K
tokens by score, so only the relative order of si
matters, not its absolute value. Fitting si ≈ yi nu-
merically would impose an unnecessary constraint
where a pruner that correctly ranks all tokens is
equally good regardless of its absolute output scale.
We therefore introduce an order-based rank loss:

L = Lrank + Lbudget. (5)

For valid pairs P = {(i, j) | ∆ij = yi−yj > δ},
we penalize ordering violations via a soft-margin
penalty:

ℓ(i, j; m) = softplus
(
m−(si−sj)

τ

)
, (6)

where m is a target margin. The rank loss is a
weighted sum of this penalty over P , using two
complementary weighting strategies:

Lrank = λc Lcoarse + λf Lfine. (7)

Coarse term: weight each pair by ∆ij and set
margin m = γ∆ij . Pairs with large label gaps
receive both higher weight and a proportionally
larger required margin, pushing clearly necessary
tokens far from clearly unnecessary ones.

Fine term: weight each pair by ∆−1
ij and use a

fixed small margin m=µ. This inverts the coarse
strategy: near-boundary pairs with small ∆ij are
up-weighted, concentrating the loss on the tokens
near the top-K cutoff where a single rank swap

changes which tokens get retained. The higher
weight on the fine term reflects that near-boundary
ordering is the primary failure mode in practice.

BCE loss. After multi-view aggregation, since
SFF-Label provides relative token importance
rather than calibrated probabilities, we do not di-
rectly regress its raw values. Instead, for a target
token budget K, we construct a binary budget label
zK by assigning 1 to the top-K tokens in the ag-
gregated soft label y and 0 to the remaining tokens.
Given the predicted token scores s, we optimize
the budget-level BCE objective:

Lbudget = BCEWithLogits(s, zK). (8)

This loss encourages the pruner to learn the coarse
important/redundant token distribution.

5 Experiments

5.1 Experimental Setup

Implementation details. We evaluate MVP-
Token on LLaVA-1.5-7B and Qwen2.5-VL-7B
which are from different VLM families. The back-
bone VLM is kept frozen throughout. Only MVP-
Pruner is trained. Rank loss hyperparameters fol-
low the values (δ = 0.02, λc = 0.3, λf = 0.7,
γ = 4.0, µ = 0.1, τ = 1.0). At inference, MVP-
Pruner scores all N visual tokens and the top-K
are forwarded to the frozen VLM.

Training data. We train MVP-Pruner on the sub-
sets of LLaVA-665K (Liu et al., 2023). We retain
the GQA, OCR-VQA, and TextVQA splits, discard-
ing long-dialogue, referring-expression, and purely
descriptive subsets, as these either lack a definitive
correct answer or do not stress visual token selec-
tion. The TextVQA subset within LLaVA-665K
is descriptive, so we replace it with the TextVQA
training split. To mitigate the memorization effect
that LLaVA-665K is LLaVA-1.5’s own fine-tuning
corpus, we additionally exclude samples that the
VLM answers correctly without visual input. After
filtering, MVP-PruneSet contains 56,192 image–
question pairs.

Evaluation benchmarks. We evaluate on eight
vision-language benchmarks covering complemen-
tary reasoning dimensions: VQAv2 (Goyal et al.,
2017) and GQA (Hudson and Manning, 2019) for
general visual question answering and composi-
tional reasoning, TextVQA (Singh et al., 2019) for
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Method GQA MME POPE SQA VQAText SEED VizWiz VQAV2 Avg.
Total 576 Tokens

Vanilla 61.9 1862.0 85.9 69.5 58.2 58.6 50.0 78.5 100%
Retain 192 Tokens (↓ 67%)

FastV 52.7 1612.0 64.8 67.3 52.5 57.1 50.8 67.1 89.84%
SparseVLM 57.6 1721.0 83.6 69.1 56.1 55.8 50.5 75.6 96.39%
VisionZip 59.3 1782.6 85.3 68.9 57.3 56.4 51.6 76.8 98.21%
VisPruner 59.5 1779.0 86.7 68.5 57.4 58.5 51.5 77.0 98.84%

VisionZip 60.1 1834.0 84.9 68.2 57.8 57.1 52.6 77.4 99.14%
MVP-Token 60.1 1795.2 86.0 68.7 56.3 58.7 52.2 77.3 99.03%

Retain 128 Tokens (↓ 78%)
FastV 49.6 1490.0 59.6 60.2 50.6 55.9 51.3 61.8 84.98%

SparseVLM 56.0 1696.0 80.5 67.1 54.9 53.4 51.4 73.8 94.26%
VisionZip 57.6 1761.7 83.2 68.9 56.8 54.9 52.0 75.6 96.91%
VisPruner 58.2 1743.0 84.6 69.1 57.0 57.0 52.6 75.8 97.84%

VisionZip 58.9 1823.0 83.7 68.7 56.1 55.8 49.9 76.6 97.28%
MVP-Token 59.3 1760.0 85.6 68.5 57.2 57.4 52.5 76.4 98.39%

Retain 64 Tokens (↓ 89%)
FastV 46.1 1256.0 48.0 51.1 47.8 51.9 50.8 55.0 76.71%

SparseVLM 52.7 1505.0 75.0 62.2 51.8 51.1 53.1 68.2 89.01%
VisionZip 55.1 1690.0 77.0 69.0 55.5 52.2 52.9 72.4 93.90%
VisPruner 55.4 1691.0 80.4 69.2 55.8 53.7 53.3 72.7 95.03%

VisionZip 57.0 1756.0 80.9 68.8 56.0 53.4 46.8 74.2 94.38%
MVP-Token 56.8 1709.0 82.1 68.8 56.3 55.2 53.8 74.1 96.38%

Table 1: Main results on LLaVA-1.5-7B. We compare MVP-Token with representative visual token pruning
methods under different retained-token budgets. The average score is normalized to the vanilla model with 576
visual tokens. The best results are highlighted in bold, and the second-best results are underlined. Higher values
indicate better performance. denotes trainable methods, while the others are training-free.

text recognition in natural images, VizWiz (Gu-
rari et al., 2018) for robustness on real-world low-
quality images, POPE (Li et al., 2023) for object
hallucination evaluation, ScienceQA (Lu et al.,
2022) for multi-hop knowledge reasoning, SEED-
Bench (Li et al., 2024) for general multimodal
understanding, and MME (Fu et al., 2025) for
comprehensive multi-task evaluation. These bench-
marks stress both spatial understanding and fine-
grained token discrimination, providing a thorough
evaluation of pruning quality.

Comparison methods. We compare against rep-
resentative methods spanning all pruning fami-
lies. For training-free baselines, we include the
attention-based methods FastV (Chen et al., 2024)
and VisPruner (Zhang et al., 2025a), the diversity-
based methods VisionZip (Yang et al., 2025), and
the question-guided method SparseVLM (Zhang
et al., 2025b). We additionally compare against
the training-based variant VisionZip , which fur-
ther fine-tunes the selection module on instruction-
following data.

5.2 Main Results
Results on LLaVA-1.5-7B. LLaVA-1.5-7B is a
widely used VLM benchmark, which turns images
into fixed 576 visual tokens. Table 1 reports the per-

formance comparison on LLaVA-1.5-7B under dif-
ferent visual token budgets. Overall, MVP-Token
achieves consistently strong performance across
192, 128, and 64 retained tokens, demonstrating
its effectiveness under both moderate and aggres-
sive pruning settings. As reducing 66.7% of vi-
sual tokens, MVP-Token preserves 99.03% of the
vanilla performance, achieving competitive results.
When the budget is reduced to 128, MVP-Token
further maintains 98.39% of the original perfor-
mance and obtains the best average score among
all compared methods. Under the most aggressive
64-token setting, MVP-Token still retains 96.38%
of the vanilla performance, outperforming existing
training-free pruning methods by a clear margin in
average performance and also surpassing the fine-
tuned baseline. The results show that by learning
token necessity from multi-view pruning supervi-
sion, MVP-Token preserves task-relevant visual
information more effectively and precisely than
single-criterion pruning methods.

Results on Qwen2.5-VL-7B. Qwen2.5-VL-7B
is a recent VLM encoding images into dynamic vi-
sual tokens. Table 2 reports results under dynamic-
resolution settings across two retention ratios.
MVP-Token achieves the best average performance
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Method Retain 30% Retain 20%
FastV 89.81% 82.57%

SparseVLM 94.39% 88.43%
VisPruner 94.15% 88.39%
VisionZip 94.97% 88.91%

MVP-Token 95.88% 91.74%

Table 2: Summary results on Qwen2.5-VL-7B. We
report the normalized average score under different
retained-token ratios. The best results are in bold. De-
tailed benchmark results are in Appendix Table 4.

under all retention ratios, and its margin over the
strongest baseline widens as the budget tightens
(+0.91% at 30% vs. +2.83% at 20%). This suggests
that multi-view supervision provides more robust
importance estimation. Detailed per-benchmark
results are provided in Appendix Table 4.

5.3 Ablation Study

Loss combination. The top of Figure 6 shows
that the two losses are complementary rather than
redundant. BCE predicts the binary top-K budget
labels derived from the soft labels and provides a
coarse important–redundant partition, whereas the
rank loss supervises the relative ordering that ac-
tually determines top-K selection. Using the rank
loss alone outperforms using BCE alone (+0.65%
at 192 tokens), confirming that pruning is intrinsi-
cally a ranking problem. Combining both is best at
every budget, since BCE stabilizes the global scale
while the rank loss sharpens the near-boundary or-
dering, which is important under tight budgets.

Label construction. The bottom of Figure 6
compares SFF-Label against three hard labeling
strategies. The hard-union label admits too many
positive tokens, diluting token discrimination and
causing a sharp drop at the 64-token budget. The
hard-intersection label is overly conservative and
retains too few positives, degrading at larger bud-
gets. Majority vote achieves the best overall per-
formance among the hard-label strategies, which
already confirms the benefit of aggregating multi-
ple pruning views. Moreover, SFF-Label further
improves over majority vote at every budget, show-
ing that soft fusion preserves the graded, multi-
faceted structure of token necessity. Tokens repeat-
edly selected by successful views receive higher
scores, while less frequently selected tokens are
down-weighted rather than discarded outright.

Training-data scale. Table 3 reports the results
of MVP-Pruner trained on 50% and 100% of MVP-
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Figure 6: Ablation study on key components. Results
are reported on LLaVA-1.5-7B using GQA, MME, and
POPE with budgets of 64, 128, and 192 tokens. Top is
ablation on the training objective. Bottom is ablation on
the label construction strategy.

Data Scale Retain 192 Retain 128 Retain 64
50% 95.80% 95.41% 91.97%

100% 97.87% 96.66% 93.04%

Table 3: Effect of training-data scale. We report the
normalized average score on LLaVA-1.5-7B over GQA,
MME and POPE under different retained-token budgets.

PruneSet. With only half of the training data,
the model still retains competitive performance
across all budgets, indicating limited sensitivity
to training-set size. The full dataset yields con-
sistent additional gains, and the margin widens as
the budget tightens, suggesting that more supervi-
sion mainly benefits fine-grained ordering near the
top-K cutoff.

5.4 Visualization Results

Interpretability analysis. Figure 7 visualizes the
pruning behavior of MVP-Token, and the heatmaps
are directly produced by the trained pruner. The
learned importance maps show that MVP-Token
combines question-specific relevance, local dis-
criminative evidence, and global contextual cov-
erage. This behavior is consistent with our multi-
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Figure 7: Qualitative visualization of MVP-Token.
From left to right are original image, learned token-
importance heatmap (red indicates high score, while
blue indicates low score), and retained top-64 visual to-
kens. MVP-Token assigns high importance to question-
relevant regions (clock and tennis players), while pre-
serving sparse contextual tokens for spatial reasoning.

Figure 8: Question-conditioned pruning visualiza-
tion. For the same image, MVP-Token retains different
visual tokens according to different questions. For the
heatmaps, red indicates high importance, while blue
indicates low importance.

view supervision design, where complementary
pruning views provide success–failure evidence for
learning token necessity. These results suggest that
MVP-Token learns an interpretable and balanced
pruning policy. Detailed case studies are provided
in Appendix D.

Question-conditioned visualization. Figure 8
further visualizes how MVP-Token prunes tokens
on the same image with different questions. The
retained tokens differ markedly across questions.
This comparison shows that MVP-Token adapts
token selection according to the visual evidence
required by text inputs.

6 Conclusion

In this work, we propose MVP-Token, a multi-
view token pruning framework that reframes visual
token pruning as a multi-view learning problem.
By aggregating complementary success–failure ev-

idence from diverse pruning perspectives, MVP-
Pruner learns a balanced pruning policy that in-
tegrates question-aware relevance, local discrim-
inability, and global spatial coverage simultane-
ously. Extensive experiments on two representative
VLMs across eight benchmarks demonstrate that
MVP-Token outperforms both training-free and
fine-tuned baselines under aggressive token bud-
gets.

Limitations

MVP-Pruner currently requires a pre-specified to-
ken budget K at inference time. Since MVP-Pruner
is trained to learn relative token importance rather
than absolute token necessity, it cannot adaptively
determine how many tokens a given sample re-
quires. As a result, visually simple samples may
still retain redundant tokens under a fixed bud-
get, as illustrated by qualitative examples in Ap-
pendix D. Developing a budget-free variant that
predicts instance-level token counts remains an av-
enue for future work.

Ethics Statement

All datasets used in this work are publicly available
and used in accordance with their original licenses
and intended research use. Constructing MVP-
PruneSet requires no human annotation. All masks
and labels are produced automatically by existing
pruning methods and frozen models. All backbone
and auxiliary models are publicly released check-
points used under their respective licenses.

As for potential risks, token pruning discards
part of the visual evidence, which may increase the
hallucination rate or amplify the biases inherited
from the backbone VLM, especially under aggres-
sive budgets. We therefore recommend validating
the retention budget on the target distribution be-
fore deployment in safety-sensitive applications.
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A Evaluation Setup and Benchmark
Details

A.1 Preliminary Study Setup

All experiments are conducted on LLaVA-1.5-7B
with pruning applied strictly between the visual
encoder and the multimodal projector, evaluated on
GQA under a uniform budget of 64 tokens.

A.2 Evaluation Benchmarks

In this section, we provide a brief introduction to
the evaluation benchmarks used in our experiments.

VQA-v2 (Goyal et al., 2017). VQA-v2 is a large-
scale visual question answering benchmark built on
images from MS-COCO (Chen et al., 2015). Each
image is paired with open-ended questions and
ten human-provided ground-truth answers. The
dataset is carefully balanced to reduce language
priors, requiring models to genuinely rely on visual
evidence to answer correctly. And it is denoted as
VQAV2 in our experimental tables.

GQA (Hudson and Manning, 2019). GQA fo-
cuses on compositional visual reasoning over scene
graph structures derived from Visual Genome (Kr-
ishna et al., 2017). Questions involve multi-step
spatial relations, object attributes, and logical op-
erations, making it a challenging testbed for fine-
grained visual understanding.

TextVQA (Singh et al., 2019). TextVQA eval-
uates a model’s ability to read and reason about
text appearing within natural images. Answering
questions may require direct text recognition or
contextual reasoning over both visual and textual
cues in the image. It is denoted as VQAText in our
experimental tables.

VizWiz (Gurari et al., 2018). VizWiz is col-
lected from real-world photos taken by visually
impaired users, featuring low image quality, un-
usual viewpoints, and ambiguous content. It eval-
uates model robustness under challenging, out-of-
distribution visual conditions that are rarely present
in standard benchmarks.

POPE (Li et al., 2023). POPE targets object hal-
lucination in VLMs through binary yes/no ques-
tions about the presence of objects in images. It
provides a comprehensive measure of hallucination
robustness.

ScienceQA (Lu et al., 2022). ScienceQA con-
sists of multiple-choice science questions spanning
natural science, language science, and social sci-
ence. It is denoted as SQA.

SEED-Bench (Li et al., 2024). SEED-Bench is a
comprehensive multiple-choice benchmark cover-
ing 12 evaluation dimensions of multimodal under-
standing, including scene understanding, instance
attributes, spatial relations, and instance interac-
tion.

MME (Fu et al., 2025). MME measures both per-
ception and cognition abilities of VLMs across 14
subtasks. Perception subtasks cover coarse-grained
recognition (existence, count, position, color) and
fine-grained recognition (scenes, landmarks, art-
works). Cognition subtasks include commonsense
reasoning, numerical calculation, text translation,
and code reasoning.

B Additional Results

B.1 Full Results on Qwen2.5-VL-7B

Table 4 presents the comprehensive empirical com-
parison between MVP-Token and other baseline
methods on Qwen2.5-VL-7B-Instruct.

B.2 Extreme-Budget Comparison

To further probe the robustness of multi-view su-
pervision under highly aggressive compression, we
compare MVP-Token with VisionZip on LLaVA-
1.5-7B with 32, 16, and 8 retained tokens. Results
are shown in Table 5.

MVP-Token degrades far more gracefully as the
budget shrinks. The gap is marginal at 32 tokens
(91.51% vs. 90.49%), widens to 6.2 points at 16
tokens, and becomes decisive at the most extreme 8-
token budget, where MVP-Token retains 81.94% of
the vanilla performance while VisionZip collapses
to 59.98%. Under such tight budgets, the tokens
surviving in MVP-Token are precisely those jointly
supported by all pruning views, which makes the
retained set far more likely to be sufficient for an-
swering the question.

B.3 Adaptive Budget Results

As mentioned in our limitation discussion, MVP-
Token is evaluated under a predefined budget K.
The limitation is shared by the field, not specific to
our method. FastV, VisionZip and other training-
free baselines also require a predefined budget and
provide only token ordering.
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Method GQA MME SEED VQAText SQA Avg.
Original

Vanilla 60.50 2327.00 74.20 77.70 87.50 100%
Retain 30% Tokens

FastV 52.62 2004.63 68.88 68.13 83.48 89.81%
SparseVLM 56.34 2212.61 70.77 71.32 84.50 94.39%
VisPruner 56.80 2161.70 71.40 70.30 85.10 94.15%
VisionZip 58.72 2168.93 70.92 70.11 86.42 94.97%

MVP-Token 58.40 2172.80 71.60 73.70 85.90 95.88%
Retain 20% Tokens

FastV 50.18 1953.93 65.87 52.64 78.25 82.57%
SparseVLM 55.60 2123.84 67.40 57.52 82.37 88.43%
VisPruner 54.10 2066.00 68.90 58.60 83.54 88.39%
VisionZip 56.77 2043.21 67.88 58.26 84.38 88.91%

MVP-Token 57.00 2115.00 69.80 64.00 85.00 91.74%

Table 4: Detailed results on Qwen2.5-VL-7B. The experiments are conducted under the dynamic-resolution setting
(MinPix = 256× 28× 28, MaxPix = 2048× 28× 28). The average score is normalized by the original model. The
best results are highlighted in bold, and the second-best results are underlined.

Method GQA MME POPE SQA Avg.
Total 576 Tokens

Vanilla 61.9 1862.0 85.9 69.5 100.00%
Retain 32 Tokens

VisionZip 55.5 1617.0 75.0 68.2 90.49%
MVP-Token 53.7 1645.0 79.1 68.7 91.51%

Retain 16 Tokens
VisionZip 50.1 1438.0 60.5 67.2 81.32%

MVP-Token 50.3 1532.3 74.4 69.5 87.55%
Retain 8 Tokens

VisionZip 41.9 1018.0 21.4 64.4 59.98%
MVP-Token 47.3 1324.6 70.4 68.3 81.94%

Table 5: Extreme-budget results on LLaVA-1.5-7B. Comparison with VisionZip under 32, 16, and 8 retained
visual tokens. The average score is normalized to the vanilla model with 576 visual tokens.

Nevertheless, our MVP-Pruner outputs per-
token scores that already enable input-adaptive re-
tention. Top-K selection can be replaced at infer-
ence time by a single global threshold τ , retaining
every token whose score is ≥ τ . Table 6 reports
this result on LLaVA-1.5-7B under τ = 0.3 setting.
The pruner adaptively allocates between 62.6 and
65.5 tokens across benchmarks (63.7 on average)
while preserving 94.42% of vanilla performance,
within 1.96 points of the fixed K = 64 counterpart.
Adaptive deployment is therefore practical without
retraining.

But the performance decrease also indicates
MVP-Pruner learns a relative rather than absolute
ordering of tokens. A task-conditioned threshold
or budget prediction is left to future work.

C Efficiency Analysis

C.1 Inference Efficiency

We evaluate inference efficiency under the
dynamic-resolution setting (MinPix = 256× 28×
28, MaxPix = 2048× 28× 28), comparing vanilla

Qwen2.5-VL-7B, VisPruner, and MVP-Token at
a 20% token retention ratio. As shown in Table 7,
retaining only 20% of visual tokens reduces the
average token count from 867.59 to ∼173, yielding
a 1.33× speedup and a 24.6% reduction in end-to-
end latency for MVP-Token, compared to 1.21×
for VisPruner.

We note that Memory (GB) reflects peak GPU
memory during inference rather than the marginal
cost of visual tokens alone. Since model weights
and resident caches dominate GPU memory, token
pruning yields limited memory savings but clear
benefits in prefill-stage FLOPs and latency.

The latency advantage of MVP-Token over Vis-
Pruner stems from their selection mechanisms.
MVP-Token applies a lightweight learned scorer
and selects tokens via a single top-K operation,
whereas VisPruner performs iterative importance-
and-diversity-based selection, incurring higher
overhead under variable-length dynamic-resolution
inputs. This suggests that for large-scale multi-
modal models, the primary efficiency gain from
visual token pruning lies in shortening the com-

47066



Method GQA MME POPE SQA VQAText SEED VizWiz VQAV2 Avg.
Total 576 Tokens

Vanilla 61.90 1862.00 85.90 69.50 58.20 58.60 50.00 78.50 100%
Fixed Budget (K = 64)

MVP-Token 56.80 1709.00 82.10 68.80 56.30 55.20 53.80 74.10 96.38%
Adaptive Budget (τ = 0.3)

MVP-Token 56.60 1690.90 84.20 69.10 43.60 55.30 56.00 74.10 94.42%
Avg. retained tokens 62.7 63.5 64.3 65.5 63.8 62.6 64.3 63.1 63.7

Table 6: Fixed vs. adaptive token budget on LLaVA-1.5-7B. Replacing top-K selection with a single global
score threshold τ lets MVP-Pruner retain a per-sample variable number of tokens. The last row reports the average
number of tokens actually retained on each benchmark. The average score is normalized by the original model.

Method
MME Infer

T (s)
GPU
Util.

Memory
(GB)

Avg.
Token

Latency
(ms)

Speedup
(x)

NVIDIA RTX PRO 6000 Single GPU Performance

Qwen2.5-VL-7B 281.10 52.62 18.20 867.59 118.41 1.00
VisPruner 233.04 46.49 18.17 173.52 98.16 1.21

MVP-Token 211.81 45.67 18.17 173.85 89.22 1.33

Table 7: Comparison of Inference Efficiency. All results are reproduced on a single NVIDIA RTX PRO 6000
GPU under the same hardware and evaluation settings.

Construction Stage GPU Hours

NVIDIA RTX PRO 6000 Single GPU Cost

Attention-based + diversity-based mask 2.3
Question-guided mask (GRASP) 12.0
Success/failure inference 6.4

Total 20.7

Table 8: Data Construction Cost. All stages are mea-
sured on a single NVIDIA RTX PRO 6000 (96 GB)
GPU under the same hardware, and require no human
annotation.

putation path rather than reducing peak memory
consumption.

C.2 Data Construction Cost

Beyond inference efficiency, we further report the
one-time cost of building our MVP-PruneSet. As
shown in Table 8, the full construction pipeline
takes only 20.7 GPU-hours on a single NVIDIA
RTX PRO 6000 (96 GB) and is fully automated, re-
quiring no human annotation. The attention-based
and diversity-based masks are both derived from
the ViT encoder and obtained within a single for-
ward pass, accounting for merely 2.3 GPU-hours.
The dominant cost comes from the question-guided
mask produced by GRASP (Qwen3-VL + SAM3),
which takes 12.0 GPU-hours, followed by suc-
cess/failure inference at 6.4 GPU-hours. In ad-
dition, the question-guided mask is ViT-agnostic
and thus transferable across backbones.

D Case Studies

D.1 Diverse Question Types
We present qualitative examples spanning four rep-
resentative question types in Figure 9. In each case,
MVP-Token selects semantically relevant tokens
and produces the correct answer.

D.2 Question-Conditioned Pruning on the
Same Image

To further illustrate the question-awareness of
MVP-Token, we apply it to the same image under
two different questions in Figure 10. The retained
tokens differ substantially, confirming that MVP-
Pruner adapts its selection to the specific visual
evidence required by each query.

D.3 Fixed-Budget Behavior on Visually
Simple Samples

As discussed in the Limitations section, MVP-
Pruner learns relative token importance rather than
an absolute necessity threshold. On visually sim-
ple samples where few patches are truly informa-
tive, the importance heatmap exhibits no strongly
peaked responses, and the fixed budget forces the
model to retain tokens that are collectively low-
importance. Figure 11 illustrates representative
cases where this behavior is most pronounced.
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[OCR] Question: what direction is shown?

Original Image

Importance Heatmap Retained Tokens
Output: West. ✓

[Existence] Question: Is there a tv in the image?

Original Image Importance Heatmap Retained Tokens
Output: Yes. ✓

[Counting] Question: Are there three people appear in this image?

Original Image

Importance Heatmap Retained Tokens
Output: Yes. ✓

[Spatial Reasoning] Question: On which side of the photo is the white dog, the left or the right?

Original Image

Importance Heatmap Retained Tokens
Output: Right. ✓

Figure 9: MVP-Token on diverse question types. For each example, we show the original image, the learned
importance heatmap (red: high, blue: low), the retained top-64 tokens, and the model output. MVP-Token
consistently focuses on question-relevant regions across different visual reasoning demands.
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Original Image

Q1: Is the sky clear?

Heatmap Retained Tokens

Q2: Does the street sign that looks yellow seem
to be walking?

Heatmap Retained Tokens

Original Image

Q1: Can we enter that road to the right?

Heatmap Retained Tokens

Q2: What bank is seen here?

Heatmap Retained Tokens

Figure 10: Question-conditioned pruning on the same image. Different questions elicit markedly different
retention patterns, demonstrating that MVP-Pruner dynamically adapts token selection to the specific visual
evidence demanded by each query.

Question: Is there only one dog in the image?

Original Image

Importance Heatmap Retained Tokens
Output: Yes. ✓ (answered correctly despite token redundancy)

Question: Is there a person in the image?

Original Image

Importance Heatmap Retained Tokens
Output: Yes. ✓ (answered correctly despite token redundancy)

Figure 11: Fixed-budget behavior on visually simple samples. When samples require few discriminative tokens,
the importance heatmap shows no strong response. Under a fixed budget K, the pruner retains low-importance
tokens to fill the quota, revealing the limitation of relative-importance discussed in the Limitations section.
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