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Abstract

Large Vision-Language Models (LVLMs) encode visual in-
puts as dense sequences of patch-level tokens to capture
fine-grained semantics. These visual tokens often outnum-
ber their textual counterparts by a large margin, leading to
substantial computational overhead and limiting the scalabil-
ity of LVLMs in practice. Previous efforts have explored vi-
sual token reduction either prior to or within the large lan-
guage models (LLMs). However, most in-LLM reduction ap-
proaches rely on text-conditioned interactions, implicitly as-
suming that textual tokens can reliably capture the impor-
tance of visual tokens. In this work, we revisit this assumption
and reveal causal, semantic, and spatial forms of cross-modal
misalignment. These misalignments undermine the effective-
ness of text-guided visual token reduction. To address this,
we introduce VisionDrop, a training-free, visual-only prun-
ing framework that selects informative visual tokens based
on intra-modal (visual-to-visual) attention, without relying
on textual signals. To further suppress redundancy through-
out the model hierarchy, we treat the visual encoder and the
LLM as a unified system and design a progressive prun-
ing pipeline. Our method performs dominant token selection
and lightweight contextual merging at multiple stages, en-
abling fine-grained visual information to be retained even un-
der aggressive token budgets. Extensive experiments across
diverse benchmarks show that VisionDrop achieves consis-
tent improvements over existing approaches, despite requir-
ing no additional training or complex modifications. No-
tably, when integrated with LLaVA-NeXT-7B, VisionDrop
achieves a 2.7× reduction in inference latency and 6× in
FLOPs, while retaining 95.71% of the original performance.

Code — https://github.com/Ruixxxx/VisionDrop

Introduction
Large Vision-Language Models (LVLMs) have achieved
remarkable progress across a wide range of multimodal
tasks (Liu et al. 2023; Wang et al. 2024; Bai et al. 2025;
Chen et al. 2025b; Zhu et al. 2025), such as visual ques-
tion answering, image captioning, and visual reasoning. A
key driver of this success is the use of dense patch-level tok-
enization, which encodes visual inputs as long sequences of
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Figure 1: Comparison of visual token pruning strategies via
attention maps from LLM decoding layers. Here, xV 1, xV 2

are visual tokens, xT1, xT2 are text instructions, and y1, y2
are autoregressively generated outputs. (a) Our method iden-
tifies important visual tokens (e.g., the trees highlighted in
orange) by leveraging image-to-image attention (blue box),
which reflects intra-modal relevance and avoids interference
from misaligned cross-modal signals. (b) In contrast, previ-
ous approaches rely on image-to-text attention (red box) to
assess visual token importance, which can be overly sensi-
tive to cross-modal noise, resulting in preservation of seman-
tically redundant visual regions (e.g., the grass in green).

tokens to capture rich fine-grained semantics. However, this
dense representation comes at a significant computational
cost. Compared to textual tokens, visual tokens often domi-
nate the input sequence. It is common for a single image to
be represented by hundreds or even thousands of tokens (Liu
et al. 2024a), leading to quadratic growth in attention com-
putation (Vaswani et al. 2017). This limits the scalability of
LVLMs for high-resolution (Liu et al. 2024b) or real-time
applications (Team et al. 2024; Xu et al. 2025).

To address this inefficiency, recent studies have explored
reducing the number of visual tokens either before or within
the layers of the large language models (LLMs) (Yang et al.
2025; Zhang et al. 2025d; Chen et al. 2024b; Xing et al.
2025). Pruning visual tokens before entering the LLM en-
ables effective compression of redundant features at the rep-
resentation level, but may risk discarding subtle or task-
relevant details. In contrast, performing token reduction
within the LLM allows uninformative tokens to be iden-
tified after visual information has been integrated into the
language context, though it risks discarding entangled or
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contextually important features. Additionally, a more fun-
damental limitation of many in-LLM pruning strategies lies
in their reliance on text-conditioned scoring mechanisms,
which estimate the relevance between visual tokens and tex-
tual inputs. They implicitly assume strong and persistent
alignment between modalities throughout LLM layers.

In this work, we revisit this critical assumption by ask-
ing: Are visual and textual representations truly well-aligned
within the LLM layers? Our analysis uncovers three types
of cross-modal misalignment that challenge this assumption
and limit the effectiveness of text-guided visual token prun-
ing: (1) Causal misalignment arises from the autoregressive
nature of LLMs, where the last text token tends to focus
on nearby tokens in the input sequence, introducing local-
ity bias in visual token scoring. (2) Semantic misalignment
emerges as visual and textual tokens become deeply entan-
gled within LLM layers, weakening the distinctiveness and
interpretability of textual queries for assessing visual im-
portance. (3) Spatial misalignment stems from the flattening
of positional embeddings across modalities and the absence
of spatial priors in textual inputs. While visual encoders al-
ready struggle to align spatial structures with textual seman-
tics, this issue worsens in the LLM, where visual and textual
tokens are fused into a single sequence. Text-guided prun-
ing under such conditions may discard spatially important
regions that are not explicitly emphasized by the text. While
CLIP-style encoders (Radford et al. 2021) and LVLM pro-
jection layers aim to align modalities at the input stage, such
alignment degrades during multimodal token fusion in the
LLM. As a result, pruning decisions based on text-guided
signals may inadvertently discard visually salient or seman-
tically important content.

To empirically validate this, we design a controlled study
comparing visual-only and text-guided scoring strategies for
visual token selection. Specifically, we replace image-to-
text relevance scores with visual self-attention scores to as-
sess the impact of modality alignment on pruning effective-
ness across different compression ratios. Our findings re-
veal that, in general, visual-only scoring consistently out-
performs text-guided scoring, especially under more aggres-
sive pruning. This suggests that visual-textual alignment de-
teriorates as tokens propagate through the LLM, calling into
question the reliability of text-guided reduction strategies.

Based on the analysis, we propose VisionDrop, a training-
free framework for visual token reduction. Unlike prior ap-
proaches that rely on text-guided relevance, VisionDrop es-
timates token importance solely from visual self-attention,
avoiding dependence on potentially misaligned textual cues.
Our method performs stage-wise pruning across the full
LVLM architecture, progressively reducing visual tokens in
both the visual encoder and LLM layers. First, the domi-
nant token selection identifies highly referenced visual to-
kens by the aforementioned visual-only importance score,
ensuring that key semantic content is retained. Second, the
lightweight contextual merging aggregates remaining tokens
into contextual tokens by similarity, preserving complemen-
tary information. Together, these components are applied at
multiple stages in the model, allowing VisionDrop to retain
expressive visual representations under tight token budgets.

The contributions of our work are summarized as follows:

• We empirically investigate the misalignment between vi-
sual and textual representations within LLM layers and
offer insights to the visual token importance scoring.

• We propose VisionDrop, a training-free pruning frame-
work that progressively prunes visual tokens across both
the visual encoder and the LLM.

• We propose a visual-only scoring method for dominant
token selection and apply the contextual token merging
to preserve complementary information at each stage.

Extensive evaluations on diverse benchmarks show that
VisionDrop outperforms prior state-of-the-art approaches.
Under only 5.6% token retention, it preserves 91.46% and
92.06% of the original LLaVA-1.5-7B (Liu et al. 2024a) and
LLaVA-NeXT-7B (Liu et al. 2024b) performance, surpass-
ing the best baseline by 0.96% and 1.71%, respectively.

Related Works
Large Vision-Language Models
The evolution of large vision-language models (LVLMs)
has been driven by the impressive generalization and rea-
soning abilities of large language models (LLMs) (Touvron
et al. 2023; Jiang et al. 2023; Bai et al. 2023; Qwen et al.
2025; Cai et al. 2024), extending their success to the multi-
modal domain. Recent LVLMs integrate visual and textual
modalities by projecting visual inputs into token sequences
compatible with language models (Liu et al. 2023; Li et al.
2024; Wang et al. 2024; Bai et al. 2025; Chen et al. 2025b;
Zhu et al. 2025), enabling them to leverage the full capac-
ity of LLMs. However, the information density in visual
data is often much lower than in textual data, resulting in
an excessive number of visual tokens. For instance, LLaVA-
1.5 (Liu et al. 2024a) encodes a 336×336 image into 576 to-
kens, while LLaVA-NeXT (Liu et al. 2024b) expands this to
2,880 tokens for high-resolution input. This issue becomes
even more critical in video understanding tasks. For exam-
ple, LongVA (Zhang et al. 2024) transforms 2,000 frames
into more than 200K visual tokens, while LongVILA (Chen
et al. 2025a) supports inputs exceeding 6,000 frames and
produces over a million visual tokens. The inflated visual
token sequences place heavy demands on computation and
memory, motivating the need for effective token reduction
strategies to improve scalability and efficiency across tasks.

Visual Token Reduction in LVLMs
To mitigate the computational burden in LVLMs, recent
studies have explored reducing the number of visual to-
kens. Existing approaches to visual token reduction are pri-
marily applied either in the visual encoder or within the
LLM. They typically use either text-guided or text-agnostic
scoring strategies to determine token importance. Visual
encoder pruning approaches perform token reduction be-
fore tokens are fed into the LLM. Some approaches rely
solely on visual information: FlowCut (Tong et al. 2025)
leverages token-level information flow across layers to iden-
tify and prune redundant visual tokens in a progressive and
structure-aware manner. VisionZip (Yang et al. 2025) and
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Figure 2: Accuracy comparisons between text-guided and visual-only scoring within the LLM across different average remain-
ing token levels (192, 128, 64) on four benchmarks.

What is the 
chimney sitting on 
top of?

Who is holding the 
telephone in the 
top of the image?

Does the sky above 
the trees look 
sunny and light?

Does the forest 
look tall and green?

Figure 3: Visualization of text-guided visual token retention
after shallow-layer pruning (specifically, the second layer)
in the LLM. Pale translucent blocks indicate pruned tokens.
Retained tokens consistently cluster at the bottom of the im-
age, revealing a positional bias caused by the causal atten-
tion in autoregressive LLMs.

Is the wallet
open?

Does the blue 
umbrella look 
closed or open?

Figure 4: Visualization of text-guided visual token retention
at the end of the first three LLM stages. While the wallet-
related region is correctly preserved in response to the first
question, the model fails to retain relevant tokens around
the umbrella in the second case, reflecting the semantic mis-
alignment caused by modal entanglement in LLM layers.

VisPruner (Zhang et al. 2025b) select dominant tokens based
on attention scores and compress the rest using similarity-
based merging or pruning. VScan (Zhang et al. 2025a) ap-
plies global-local scanning. Other works utilize textual guid-
ance at this stage. CDPruner (Zhang et al. 2025c) maximizes
instruction-conditioned diversity of retained tokens. Spar-
seVLM (Zhang et al. 2025d) computes token importance
via cross-modal attention with text guidance. Although vi-
sual encoder pruning benefits from more structured token
semantics, it may risk losing fine-grained cues critical for
multimodal reasoning. LLM decoding pruning is an al-
ternative direction that performs token reduction within the
LLM, where visual and textual tokens are jointly processed.

Most of these approaches adopt text-guided token selection.
FastV (Chen et al. 2024b) ranks tokens based on their atten-
tion from text during generation, and VScan also extends its
pruning into LLM layers based on cross-modal attentions.
PyramidDrop (Xing et al. 2025) selects visual tokens that
are most relevant to the final instruction token, performing
progressive pruning across LLM layers. However, these ap-
proaches rely on the assumption that visual and textual to-
kens remain semantically aligned within the LLM, a prop-
erty that is not guaranteed due to modality entanglement in-
troduced by joint self-attention (Venhoff et al. 2025).

Methodology
Rethinking Text-guided Visual Token Reduction
To alleviate the computational overhead in LVLMs, recent
studies have explored visual token reduction, either in the
visual encoder (Yang et al. 2025; Zhang et al. 2025d) or dur-
ing the LLM decoding phase (Chen et al. 2024b; Xing et al.
2025). In the latter case, mainstream approaches typically
adopt text-guided strategies, using text relevance scores to
determine which visual tokens to retain. However, this raises
a critical question: Are visual and textual representations
truly well-aligned within the LLM layers? Although visual
inputs are projected into the textual embedding space before
entering the LLM, using text-guided strategies for visual to-
ken reduction introduces three forms of cross-modal mis-
alignment, due to the modality-specific biases in how visual
and textual information are processed.

Causal. In text-guided pruning, the last text instruction to-
ken is commonly used to assess the importance of visual to-
kens. However, due to the causal nature of autoregressive
LLMs, this token tends to focus disproportionately on later-
positioned visual tokens in the input sequence (Zhang et al.
2025a). Unlike the [CLS] token or average-pooled visual
features in bidirectional encoders, the instruction token does
not serve as an explicit global aggregator. Figure 3 illustrates
this issue, where shallow-layer pruning results show that the
retained visual tokens consistently cluster near the end of the
input sequence, regardless of their semantic relevance.

Semantic. As tokens propagate through the LLM, visual
and textual representations become increasingly entangled.
The final instruction token evolves into a hybrid embedding
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Figure 5: The visual encoder and LLM are partitioned into multiple pruning stages (e.g., Stage 1–N), where the number of
visual tokens is progressively reduced. At the end of each stage, the importance of visual tokens is estimated via attention-
based scores (values are denoted by color intensity, bottom), computed from self-attention among visual tokens (optionally
utilizing the [CLS] as the query). Low-importance tokens are merged with each other using key-value similarity to form
contextual representations, which are then propagated together with informative tokens to the next stage.

that no longer maintains a clear semantic alignment with in-
dividual visual tokens, limiting its effectiveness in identify-
ing visually important regions. This misalignment is evident
in Figure 4, where the retained visual tokens often fail to
correspond to the semantics of the input question.

Spatial. Preserving spatially relevant visual information
has long been a challenge in LVLMs (Chen et al. 2024a).
Even before entering the LLM, visual encoders (e.g., CLIP-
style models (Radford et al. 2021)) often struggle to align
spatial structures with textual semantics, especially for tasks
requiring fine-grained or spatial reasoning. This issue is fur-
ther exacerbated within LLMs, where visual and textual to-
kens are flattened into a single sequence, and positional em-
beddings across modalities are merged, diluting the spatial
priors of visual tokens. Moreover, textual inputs themselves
lack spatial awareness and provide inherently incomplete
representations of visual scenes. As a result, text-guided vi-
sual token pruning may amplify this spatial misalignment by
discarding visually important regions that are not explicitly
emphasized by the textual instruction.

These misalignments reveal that text-guided visual to-
ken pruning is fundamentally constrained by modality in-
teraction biases. To empirically verify this, we conduct a
controlled experiment by replacing text-guided scoring with
visual-only scoring and observe the resulting performance
changes. Specifically, we reproduce the PyramidDrop (Xing
et al. 2025) framework. To ensure a fair comparison, we
retain the same pruning configuration, including the prun-
ing layers and token retention ratios, and replace the image-
to-text relevance scores with image-to-image self-attention
scores, thereby eliminating explicit textual guidance. We
adopt LLaVA-v1.5-7B (Liu et al. 2024a) as the base LVLM

and conduct extensive evaluations on 4 standard image un-
derstanding benchmarks, including GQA (Hudson and Man-
ning 2019), MMBench (Liu et al. 2024c), MMBenchCN (Liu
et al. 2024c), and POPE (Li et al. 2023), to compare the ef-
fectiveness of the two scoring strategies. As shown in Fig-
ure 2, the image-only scoring strategy consistently outper-
forms the text-guided approach when retaining 192 visual
tokens, and in general, the performance gap widens as the
number of retained tokens decreases to 128 and 64. This
performance gap under higher compression ratios indicates
that visual and textual tokens are not well aligned within the
LLM. Consequently, text-guided scoring, which implicitly
assumes reliable cross-modal alignment, becomes increas-
ingly unreliable when fewer visual tokens remain. In con-
trast, visual-only scoring exhibits greater robustness under
aggressive pruning, highlighting its potential as a more sta-
ble and generalizable strategy for visual token reduction.

Preliminaries
LVLMs are commonly structured with three components: a
vision encoder, a modality projector, and an LLM. Upon re-
ceiving the visual input, the vision encoder extracts patch-
level features, which are subsequently mapped into a set of n
visual tokens xV = {xi

V }ni=1 via the projector. These visual
tokens are concatenated with the tokenized textual tokens
xT and fed into the LLM for autoregressive generation. At
each timestep t, the model predicts the next token yt based
on the conditional probability pθ(yt | xV ,xT ,y< t), where
y< t denotes the previously generated tokens.

VisionDrop
Visual token reduction in LVLMs has been explored at two
primary stages: either within the visual encoder (Yang et al.
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2025; Zhang et al. 2025d,b) or during the LLM decoding
phase (Chen et al. 2024b; Xing et al. 2025). We observe
that pruning at the encoder stage tends to be more stable,
as visual tokens remain semantically coherent and well-
structured. However, this may lead to the loss of fine-grained
visual details that are crucial for downstream reasoning. In
contrast, pruning in the LLM benefits from earlier visual-
textual integration, where key visual cues may already be
embedded in textual tokens, allowing more informed reduc-
tion. Yet as tokens propagate through LLM layers, visual
information becomes increasingly entangled and diffused,
making it difficult to reliably estimate token importance.

To address the cross-modal misalignment within LLMs
and to leverage the complementary strengths of different
pruning stages, we propose a training-free, visual-only prun-
ing framework that performs progressive visual token reduc-
tion at both the encoder and LLM stages, balancing stability
and expressiveness across the model hierarchy, as illustrated
in Figure 5.

Progressive Dominant Token Selection. We partition
the LVLM architecture into a sequence of stages S =
s0, s1, . . . , sN , including both the visual encoder and layers
in the LLM decoder. At the end of each stage sn, where n =
1, 2, . . . , N , we apply a stage-specific pruning ratio λn to the
current set of visual tokens x(sn)

V , where |x(sn)
V | = λn · |xV |.

Tokens are ranked based on visual-only attention-based im-
portance scores, and the top-ranked subset is propagated to
the next stage sn+1. The selection is given by:

x
(sn+1)
V =

{
xi
V ∈ x

(sn)
V

∣∣∣S(i) ≥ τn

}
, (1)

where S(i) denotes the visual importance score of token xi
V ,

and τn is a threshold determined by λn.
To identify the most informative visual tokens, we com-

pute importance scores by reusing the model’s self-attention
maps. Specifically, we measure how frequently each token is
attended to by visual query tokens, averaged over all query
positions. For clarity, we present the single-head attention
formulation and omit the pruning stage notation.

Formally, let xq
V ∈ RL1×D denote the set of query visual

tokens, and x ∈ RL2×D be the full input sequence, includ-
ing both visual and textual tokens. The attention query and
key matrices are computed as:

Q = xq
V WQ, K = xWK , (2)

where WQ,WK ∈ RD×D are the projection matrices. The
single-head attention matrix is obtained by:

A = Softmax
(
QK⊤
√
D

)
, (3)

where A ∈ RL1×L2 contains attention scores from each
query visual token to all tokens in the sequence.

To compute the final importance score S ∈ RLV over the
visual tokens, we first extract the attention weights A:,V ∈
RL1×LV corresponding to the visual key tokens from the
full attention matrix A ∈ RL1×L2 . We then average across
all visual queries:

S =
1

L1

L1∑
l=1

A[l,V], (4)

where V is the index set of visual tokens in the sequence.
Visual Query Selection. In LLM, where no explicit

[CLS] token exists, we compute visual-to-visual atten-
tion by isolating attention maps within the visual subspace.
Specifically, we extract attention scores from image queries
to full token sequence, where QV = xV WQ,K = xWK .
We then keep only A entries indexed by visual tokens.

In visual encoder, if a dedicated [CLS] token is present
(e.g., CLIP (Radford et al. 2021)), we use attention from it
to each visual token as token importance, where QCLS =
xCLSWQ. If no such token exists (e.g., SigLIP (Zhai et al.
2023)), we follow a consistent strategy with LLM and aver-
age the attention each token receives from all visual tokens.

This unified formulation enables modality-consistent and
architecture-adaptive token importance estimation.

Stage-wise Contextual Token Merging. While dominant
tokens capture the primary visual content, discarding the re-
maining ones may result in missing subtle or auxiliary visual
cues. To address this, we introduce a lightweight merging
step at each pruning stage to preserve such complementary
information. While similar ideas have been proposed in prior
work (Yang et al. 2025), our framework uniquely general-
izes this operation across both the visual encoder and LLM
decoder stages in a progressive fashion.

Specifically, we reuse the key embeddings from the at-
tention module, which encode semantic content of tokens,
to measure pairwise similarity. In the LLM, we explicitly
extract the image-token portion of the key vectors before
similarity computation, ensuring modality-pure merging. At
the end of each stage, the non-dominant tokens are divided
into candidate and reference sets, and each candidate to-
ken is matched to its most similar reference token based
on a dot-product similarity. The matched tokens are then
fused to produce enriched contextual tokens. This process
ensures that visually redundant tokens are merged rather
than dropped, preserving fine-grained details while keeping
the token count under control.

Experiments
Experimental Setups
Models and Baselines. We evaluate the proposed Vision-
Drop on the widely adopted LLaVA-1.5-7B (Liu et al.
2024b) and LLaVA-NeXT-7B (Liu et al. 2024b) for image
understanding, as well as Video-LLaVA-7B (Lin et al. 2024)
for video understanding. We compare our method with sev-
eral state-of-the-art visual token reduction baselines, includ-
ing FastV (Chen et al. 2024b), PyramidDrop (Xing et al.
2025), SparseVLM (Zhang et al. 2025d), VisionZip (Yang
et al. 2025), and VisPruner (Zhang et al. 2025b).

Benchmarks. We evaluate VisionDrop on 9 standard im-
age understanding benchmarks. These include general vi-
sual question answering datasets such as GQA (Hudson
and Manning 2019), VQAv2 (Goyal et al. 2017), and
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Method GQA MMB MMBCN MME POPE SQA VQAv2 VQAText VizWiz Avg.
Upper Bound, 576 Tokens (100%)

LLaVA-1.5-7B 61.92 66.31 58.63 1863 86.81 69.51 78.53 58.20 50.13 100%
Retain 192 Tokens (↓66.7%)

FastV (ECCV24) 52.62 57.74 48.43 1540 75.59 68.07 70.51 52.77 46.76 88.45%
PDrop (CVPR25) 57.27 63.51 56.28 1778 82.40 69.56 75.57 56.10 48.95 96.11%
SparseVLM-v1.5 (ICML25) 59.44 65.41 58.69 1789 86.45 68.86 77.01 57.76 50.64 98.64%
VisionZip (CVPR25) 59.25 64.46 57.29 1767 86.39 68.86 76.78 57.26 51.55 98.11%
VisPruner (ICCV25) 59.52 64.91 57.62 1779 86.57 68.52 76.96 57.42 51.46 98.38%
VisionDrop (Ours) 59.99 65.19 58.41 1801 87.23 69.06 77.28 57.81 50.01 98.76%

Retain 128 Tokens (↓77.8%)
FastV (ECCV24) 51.83 57.29 49.05 1502 75.55 68.37 66.61 51.09 49.41 87.88%
PDrop (CVPR25) 55.70 62.28 54.32 1656 81.43 69.36 74.21 55.32 49.01 94.04%
SparseVLM-v1.5 (ICML25) 58.43 65.25 58.86 1750 86.37 68.57 76.21 56.61 50.27 97.76%
VisionZip (CVPR25) 57.62 63.40 56.67 1768 84.69 68.82 75.60 56.81 52.02 97.16%
VisPruner (ICCV25) 58.48 63.57 56.67 1743 85.67 69.01 75.74 57.00 52.60 97.53%
VisionDrop (Ours) 58.61 64.52 57.06 1777 85.92 68.52 76.24 57.63 51.06 97.80%

Retain 64 Tokens (↓88.9%)
FastV (ECCV24) 48.70 52.30 43.27 1409 67.21 69.36 61.08 49.69 50.55 83.13%
PDrop (CVPR25) 49.51 52.97 43.83 1429 68.42 69.96 63.04 50.80 50.02 84.23%
SparseVLM-v1.5 (ICML25) 53.77 61.27 52.13 1591 80.86 69.61 70.24 53.46 50.35 92.06%
VisionZip (CVPR25) 55.16 62.61 54.20 1687 80.45 69.01 72.42 55.48 52.94 94.62%
VisPruner (ICCV25) 55.59 62.56 54.48 1679 81.29 68.82 72.64 55.83 53.00 94.89%
VisionDrop (Ours) 55.89 62.95 55.10 1698 81.58 69.31 73.16 55.59 52.28 95.22%

Retain 32 Tokens (↓94.4%)
VisionZip (CVPR25) 51.80 58.02 49.78 1592 75.11 68.72 67.12 53.17 52.91 89.92%
VisPruner (ICCV25) 51.98 59.02 50.78 1593 76.44 69.26 67.41 53.47 52.16 90.50%
VisionDrop (Ours) 52.79 60.31 52.91 1572 77.19 69.41 68.55 53.56 52.26 91.46%

Table 1: Performance comparison on LLaVA-1.5-7B (Liu et al. 2024a) under different token retention rates. The best results
are marked in bold, and the second-best are underlined.

TextVQA (Singh et al. 2019); robustness and fairness bench-
marks including MMBench (Liu et al. 2024c), MMBench-
CN (Liu et al. 2024c), MME (Fu et al. 2024) and POPE (Li
et al. 2023); as well as specialized datasets like VizWiz (Gu-
rari et al. 2018), which features low-quality images, and Sci-
enceQA (SQA) (Lu et al. 2022), which focuses on scien-
tific reasoning. We also evaluate using 3 video understand-
ing benchmarks, TGIF (Jang et al. 2017), MSVD (Chen and
Dolan 2011), and MSRVTT (Xu et al. 2016).

Implementation Details. We adopt the standard inference
settings provided in the official implementations of each
LVLM. For progressive visual token pruning, we divide the
model into five stages: the first stage concludes at the out-
put of the visual encoder, while the remaining four end at
decoding layers l = 8, 16, 24, and the final decoding layer
of the LLM. The number of visual tokens is gradually re-
duced across these stages. In the first stage, all original vi-
sual tokens are retained. For each reduction configuration,
the retention number in the second stage is set to 1.5× the
final count for image understanding and 3× for video un-
derstanding, and tokens are pruned proportionally in subse-
quent stages to meet the overall budget.

Results and Analyses
Results on LLaVA-1.5. As shown in Table 1, Vision-
Drop consistently outperforms all competing approaches
across different token retention levels. Even with only 32

visual tokens (a 94.4% reduction), it preserves 91.46% of
the full-token performance, demonstrating strong efficiency
with minimal degradation. While SparseVLM (Zhang et al.
2025d) performs well at higher token counts but degrades
under extreme compression, VisPruner (Zhang et al. 2025b)
and VisionZip (Yang et al. 2025) show better robustness at
low budgets, performing particularly well on VizWiz (Gu-
rari et al. 2018), likely due to their early-stage pruning in
low-quality images. Remarkably, VisionDrop maintains the
best performance, especially under tighter token constraints.

Results on LLaVA-NeXT. LLaVA-NeXT (Liu et al.
2024b) enhances LLaVA-1.5 by supporting higher-
resolution visual inputs, yielding more visual tokens and
redundancy, making it a compelling testbed for evaluating
token pruning strategies. As shown in Table 2, VisionDrop
consistently outperforms all baselines across different
token retention rates, demonstrating its strong ability to
retain critical visual information. Notably, its advantage
becomes more pronounced as the number of retained tokens
decreases. At 160 tokens (a 94.4% reduction), VisionDrop
achieves an average performance of 92.06%, which is
1.71% higher than the second-best approach.

Results on Video-LLaVA. We further evaluate Vision-
Drop on video understanding tasks. Following prior
works (Chen et al. 2024b), we use the first 1,000 samples
from each dataset for evaluation due to API usage limits. As
shown in Table 3, VisionDrop achieves the highest average
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Method GQA MMB MMBCN MME POPE SQA VQAv2 VQAText VizWiz Avg.
Upper Bound, 2880 Tokens (100%)

LLaVA-NeXT-7B 64.27 69.39 62.00 1854 87.54 70.30 81.83 61.40 57.63 100%
Retain 640 Tokens (↓77.8%)

FastV (ECCV24) 56.26 64.97 59.25 1646 83.98 68.27 73.90 54.80 55.00 92.62%
PDrop (CVPR25) 61.80 68.11 61.10 1782 86.44 69.36 79.71 59.44 55.44 97.42%
VisionZip (CVPR25) 61.31 66.14 60.43 1805 87.38 67.82 79.13 60.18 57.32 97.33%
VisionDrop (Ours) 61.70 66.98 60.43 1807 87.85 68.32 79.76 60.45 56.78 97.72%

Retain 320 Tokens (↓88.9%)
FastV (ECCV24) 53.49 61.94 54.99 1495 76.16 66.83 68.24 51.40 52.07 86.82%
PDrop (CVPR25) 57.08 64.46 56.67 1672 79.85 69.91 74.81 54.57 53.66 91.93%
VisionZip (CVPR25) 58.92 63.40 57.40 1712 84.63 67.67 76.32 58.86 56.64 94.26%
VisionDrop (Ours) 59.95 64.91 58.13 1789 85.21 67.97 77.67 59.24 56.97 95.71%

Retain 160 Tokens (↓94.4%)
VisionZip (CVPR25) 55.55 60.09 54.71 1626 79.63 68.12 71.72 56.24 55.95 90.35%
VisionDrop (Ours) 57.02 62.00 55.61 1646 81.88 67.53 73.99 57.52 56.65 92.06%

Table 2: Performance comparison on LLaVA-NeXT-7B (Liu et al. 2024b) under different token retention rates.

Method TGIF MSVD MSRVTT Avg.
Acc. Score Acc. Score Acc. Score Acc. Score

Video-LLaVA 18.9 2.52 71.6 3.94 56.8 3.48 49.1 3.31
FastV 23.2 2.48 46.6 3.21 45.0 3.14 38.3 2.94
VisionZip 15.6 2.40 70.2 3.94 54.0 3.41 46.6 3.25
VisionDrop 18.8 2.48 68.4 3.87 54.6 3.42 47.3 3.26

Table 3: Performance comparison on Video-LLaVA-7B (Lin
et al. 2024) under a 256 token retention.

(c)(b)(a)

Figure 6: Ablation studies under 22.2% token retention. (a)
Component-wise results. V: visual-only; M: Merging; E: En-
coder pruning. (b) Token retention rates applied to the visual
encoder. (c) Dominant-to-contextual token ratios.

performance among all compared approaches, obtaining an
accuracy of 47.3% and a score of 3.26, while retaining only
12.5% of the visual tokens.

Ablation Study. We conduct ablation studies under a
22.2% token retention setting. Figure 6(a) presents the re-
sults of different component combinations of our method.
The results demonstrate that all individual modules con-
tribute positively to performance. Specifically, incorporating
visual-only scoring, by removing dependence on text queries
within the LLM, yields a notable improvement. The inclu-
sion of stage-wise token merging further boosts performance
by retaining fine-grained visual context that would otherwise
be lost. Figure 6(b) examines the impact of different token

Method # Token FLOPs (T) Memory (GB) Time (ms)
LLaVA-1.5 576 9.06 14.52 237
VisionDrop 64 2.11 14.35 117 (×2.0)
LLaVA-NeXT 2880 46.25 16.56 593
VisionDrop 320 7.70 14.63 216 (×2.7)

Table 4: Efficiency analysis of VisionDrop on LLaVA-1.5-
7B and LLaVA-NeXT-7B.

retention rates in the visual encoder. It is observed that a
moderate retention rate of 33.3% achieves the best perfor-
mance. Figure 6(c) further explores the effect of varying the
dominant-to-contextual token ratios. The model maintains
stable performance across ratios, with slight improvements
when dominant tokens are emphasized.

Efficiency Analysis. To evaluate the efficiency of Vision-
Drop, we conduct a comparative analysis of FLOPs, mem-
ory usage, and inference latency on LLaVA-1.5 and LLaVA-
NeXT. All experiments are conducted on a single 24GB
NVIDIA GeForce RTX 3090 GPU. As shown in Table 4,
by retaining only 64 and 320 tokens for LLaVA-1.5 and
LLaVA-NeXT, respectively, and preserving over 95% of the
original performance, VisionDrop achieves a 2.0× and 2.7×
speedup, along with a 4.3× and 6.0× reduction in FLOPs.

Conclusion
In this work, we introduce VisionDrop, a simple yet effective
training-free, visual-only pruning framework designed to
mitigate modality misalignment and reduce computational
cost in LVLMs. By treating the visual encoder and the LLM
as a unified processing pipeline, VisionDrop performs pro-
gressive dominant token selection and contextual merging
without relying on text-conditioned signals. This allows the
model to preserve critical visual cues under strict token bud-
gets. Moreover, VisionDrop’s reliance on purely visual sig-
nals makes it especially advantageous in domains where lan-
guage cues are sparse or weakly aligned with visual content,
such as high-resolution medical or remote sensing images.
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