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Abstract. Visual token pruning, which aims to compress and prune
redundant visual tokens, plays a critical role in efficient inference with
large vision-language models (LVLMs). However, existing methods fail
to disentangle intra-modal visual redundancy from cross-modal redun-
dancy between vision and language. We show that visual token diversity
and task-specific token relevance are two crucial yet orthogonal factors
that complement each other in conveying useful information and should
therefore be treated separately for more effective visual token pruning.
Building upon this insight, we design ToDRE, a two-stage and training-
free framework that incorporates Token Diversity and task RElevance
for effective token compression and efficient LVLM inference. Instead of
pruning redundant tokens, we introduce a greedy max-sum diversification
algorithm that selects and retains a subset of diverse and representative
visual tokens after the vision encoder. On top of that, ToDRE leverages
an “information migration” mechanism to eliminate task-irrelevant visual
tokens within certain decoder layers of the large language model (LLM),
further improving token pruning and LVLM inference. Extensive exper-
iments show that ToDRE prunes 90% of visual tokens after the vision
encoder as well as all visual tokens in certain LLM decoder layers, leading
to a 2.6× speed-up in total inference time while maintaining 95.0% model
performance plus excellent model compatibility.

Keywords: Efficient Large Vision-Language Models · Visual Token
Pruning · Token Diversity · Task Relevance

1 Introduction

Leveraging the superior reasoning capability of large language models (LLMs)
[1, 3, 45, 48, 49], large vision-language models (LVLMs) [5, 20, 47, 52, 60] have
⋆ Equal contribution.
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2 D. Li et al.

Question:
“Where is the coffee cup?”

Attention-based Pruning ToDRE Pruning 

Answer:
“It is behind the burger 
and  French fries.”

Answer:
“The coffee cup is in the 
middle of the table.”
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Fig. 1: (a–b) Existing methods fail to disentangle intra-modal visual redundancy from
cross-modal vision-language redundancy, leading to erroneous pruning [10,56]; as shown
in (b), attention-guided pruning discards the informative white coffee-cup region. (c)
ToDRE disentangles redundancy into two orthogonal factors, visual token diversity
and task-specific token relevance, and prunes them in dedicated stages, preserving
critical visual cues. (d) Across eight image-language benchmarks, ToDRE consistently
outperforms all baselines.

achieved impressive performance in various multimodal understanding tasks
such as visual question answering [16, 17, 19, 37, 44] and video understanding
[15,24,38,51,59]. LVLMs convert visual inputs into visual tokens and align the
converted visual tokens with text tokens for various multimodal understanding
tasks. However, LVLM inference often incurs prohibitive computational and
memory costs due to the massive number of visual tokens involved, significantly
restricting the applicability of LVLMs to various downstream tasks.

Two representative approaches have recently been explored for improving
the LVLM inference efficiency. The first approach is model-centric. It speeds
up the inference via knowledge distillation [9], parameter quantization [53], or
transformer replacement [40]. However, this approach requires model retraining,
which incurs significant computational costs. The second approach is data-centric.
It works by token pruning [10, 31, 34, 42, 56] or block skipping [43], and has
attracted increasing attention due to its training-free and architecture-agnostic
nature. Moreover, the data-centric approach strikes a strong balance between
inference efficiency and model performance, offering a complementary solution to
the model-centric approach.

Most existing token pruning methods estimate visual redundancy without
explicitly differentiating between intra-modal and cross-modal signals. While
such metrics—whether based on attention scores [10,42,56,57], feature similarity
[6, 21,58], or output divergence [31,55]—capture certain aspects of redundancy,
they inherently conflate two distinct sources: intra-modal redundancy (visually
duplicated content) and cross-modal redundancy (tokens irrelevant to the textual
query). This coupling is analyzed in detail in Section 3; here we summarize
its practical implications: attention-based methods suffer from positional bias
[50], similarity-based merging degrades performance compared to direct pruning
[18], and divergence-based approaches require model-specific calibration [31].
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Fig. 2: Text-to-visual attention (blue) and visual-to-text attention (orange)
in each LLM decoder layer. We observe a clear pattern of “information migration”:
cross-modal attention (both visual-to-text and text-to-visual) is high in early layers,
reflecting active information exchange, but gradually diminishes in deeper layers as the
model shifts toward unimodal text reasoning.

Beyond these issues, we further observe an “information migration” phenomenon
(Figure 2): cross-modal attention (both visual-to-text and text-to-visual) is
concentrated in the early decoder layers and progressively diminishes in deeper
layers. Given that output tokens exhibit near-zero attention to visual tokens
during decoding (see the supplementary material), this suggests that once visual
information has been absorbed into text representations, the remaining visual
tokens become task-irrelevant and can be safely removed. However, most existing
work [10,42,56,57] passes all remaining visual tokens from the prefilling stage
into decoding, thereby incurring unnecessary computations.

We design ToDRE, a simple yet effective token pruning technique that
incorporates both visual token diversity and task-specific token relevance for
effective token pruning and efficient LVLM inference. ToDRE performs token
pruning in the embedding space prior to LLM input and during the LLM
prefilling stage. First, we introduce a greedy max-sum diversification algorithm
that iteratively identifies and preserves visual tokens that have minimal cumulative
similarity to the selected tokens. Such token selection in the LLM embedding
space explicitly reduces intra-modal redundancy, thereby preserving a broad
spectrum of visual information and enhancing token representativeness under
high pruning ratios. In addition, ToDRE leverages the “information migration”
mechanism by adaptively selecting one layer in the latter half of the LLM decoder
(where cross-modal interaction has significantly diminished) and dropping all
visual tokens within that layer. This modality-level pruning removes visual
tokens irrelevant to the given question and thus further eliminates redundant
computation during inference. As a result, this relevance-guided pruning enables
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continuous inference-time efficiency gains as the decoding length increases. As
shown in Figure 1 (c–d), ToDRE’s two-stage design enables effective visual token
compression while preserving unique visual information and maintaining strong
accuracy.

In summary, the major contributions of this work are threefold:

– Revisit redundancy indicators. First, we re-examine the principles of
existing indicators on token redundancy and identify their constraints via
systematic and comprehensive analysis. On top of that, we prove that inter-
token diversity and token-task relevance are two orthogonal factors, and
treating them separately enables more effective token pruning.

– Propose a training-free and plug-and-play framework. Second, we
design a two-stage plug-and-play token pruning technique that is fully com-
patible with efficient attention operators [13] without requiring any additional
training.

– Conduct extensive empirical validation. Third, extensive experiments
over four widely adopted LVLMs and twelve multimodal benchmarks show
that ToDRE achieves superior token pruning consistently.

2 Related Work

2.1 Large Vision-Language Models

Large vision-language models (LVLMs) [5, 47, 60] have demonstrated remarkable
advancements by extending the reasoning capabilities of pretrained LLMs [3,48,49]
to image and video comprehension tasks. Typically, LVLMs employ a vision
encoder to extract visual features, which are subsequently projected into the
LLM’s embedding space via a visual projector (e.g., Q-Former [23] or MLP [27,33]).
To process real-world high-resolution images, previous LVLMs [4, 32] resize input
images to a fixed resolution, which introduces geometric distortion and degrades
fine-grained local details. To tackle this, subsequent studies adopt dynamic
tiling [11,22,33], which partitions images into regions and encodes each region
independently using a shared vision encoder. However, dynamic tiling can yield
thousands of visual tokens, significantly increasing computational overhead. This
issue becomes even more pressing in video-based LVLMs [5, 30], since processing
multiple video frames demands significantly more visual tokens. These challenges
highlight the urgent need for accelerating LVLM inference in resource-constrained
real-world environments.

2.2 Token Compression for LVLMs

Given that spatially redundant visual tokens outnumber information-dense text
tokens by tens to hundreds of times [39], one natural solution to optimize LVLM
inference is visual token compression. Several early attempts [8,25,26,54] modify
model components and introduce additional training costs. More recently, training-
free token compression methods have been widely adopted due to their efficiency
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and effectiveness. These methods can be categorized into two main groups: (1)
Token compression in the vision encoder [6,29,42], the LLM decoder [10,31,57], or
both [18]: For example, ToMe [6] reduces tokens in the vision encoding phase by
merging redundant tokens via a binary soft-matching algorithm. Other approaches
prune tokens during the LLM decoding stage by evaluating token redundancy
through criteria such as attention scores with text tokens [10, 57] or observed
divergence with LLM outputs [31, 55]. Subsequent studies [18, 34, 61] perform
token compression during both stages to further enhance inference efficiency. (2)
Token compression in the LLM embedding space [2,56]: A representative example
is FasterVLM [56], which measures token redundancy more accurately through
the cross-attention between the [CLS] token and visual tokens. Unlike previous
methods, our proposed ToDRE simultaneously reduces tokens in both the LLM
embedding space and the LLM decoder. Our two-stage approach effectively
captures both visual token diversity and token-task relevance—two orthogonal
yet critical aspects previously overlooked—achieving superior inference efficiency
while maintaining competitive performance.

3 Preliminary Analysis

Recently, numerous visual token compression techniques have emerged. Most
approaches [2,10,31,50,56] reduce computational redundancy only within specific
stages of the LVLM inference process, lacking a systematic analysis and holistic
consideration. To bridge this gap, we provide a deeper analysis organized as follows.
In Section 3.1, we review the processing flow of existing LVLMs, identifying where
redundant computation arises. In Section 3.2, we present a theoretical analysis that
justifies disentangling redundancy into intra-modal and cross-modal components,
which in turn motivates our two-stage token pruning method. Together, these
analyses clarify where pruning should be applied and how it should be performed.

3.1 Computational Overhead in LVLM Processing Pipeline

Computational Cost Analysis. Prior studies [18,34] have shown that the dominant
contributors to inference cost in LVLMs are the vision-encoding stage, the LLM
prefilling stage, and the LLM decoding stage, each of which incurs substantial
self-attention and feed-forward network (FFN) computations. Following previous
studies [10,50], we formulate the calculation of floating-point operations (FLOPs)
as follows:

FLOPsencoding = FLOPsprefilling = T ×
(
4nd2 + 2n2d+ 2ndm

)
, (1)

FLOPsdecoding = T

L∑
t=1

(
4d2 + 2d(n+ t− 1) + 2dm

)
= T

(
4Ld2 + 2Ldm+ dL(2n+ L− 1)

)
,

(2)
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where T is the number of transformer layers; n and L respectively denote the
lengths of the input and output sequences; d is the size of the hidden state; and m
is the intermediate dimension of the FFN. We take LLaVA-NeXT-7B [33], which
employs a CLIP-ViT-Large-Patch14 [41] vision encoder and a Vicuna-7B-v1.5 [12]
LLM decoder, as an example. The relative ratio of FLOPs (with n=3000 and
L=20) is approximately encoding:prefilling:decoding ≈ 1:63.6:0.4. When scaled
to LLaVA-NeXT-13B, the relative ratio shifts to 1:121.1:0.8, indicating that
the LLM’s prefilling and decoding stages roughly double their share of the total
computational cost. This underscores the importance of pruning visual tokens
as early as possible—ideally prior to or during the LLM prefilling stage—to
mitigate the exploding computational burden.

3.2 Intra- and Cross-Modal Redundancy

To justify the disentanglement of redundancy into intra-modal and cross-modal
components, we develop the following theoretical analysis.

Notation. Let the visual token embeddings produced by the vision encoder-
projector be V = {vi}Ni=1 ⊂ Rd and the text tokens be T = {tj}Mj=1 ⊂ Rd.
We map the two modalities onto mutually orthogonal subspaces of a shared
embedding space:

V = Span(WV ), T = Span(WT ).

Visual data (e.g. images) encode spatial-texture patterns in pixel grids, whereas
textual data (e.g. language) convey semantic information through symbol se-
quences. To preserve this intrinsic heterogeneity inside a multimodal model, we
apply an embedding scheme based on orthogonal subspace decomposition. The
resulting orthogonality constraint is:

W⊤
V WT = 0 (V ⊥ T ).

Intra-modal redundancy.

Dκ(V ) =
1

N2

∑
i̸=j

κ
(
W⊤

V vi, W
⊤
V vj

)
, (3)

where κ : Rd×Rd→R≥0 is any non-negative kernel measuring pairwise similarity.

Cross-modal redundancy.

Rρ(V, T ) =
1

N

N∑
i=1

ρ
(
W⊤

T vi, T
)
, (4)

for a redundancy function ρ : Rd × T →R≥0. Equations (3)–(4) provide the two
quantitative metrics that underpin our compression strategy.
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Remark 1 (Limitations of entangled metrics). Existing pruning metrics attempt
to capture redundancy with a mixed scoring metric S(vi), implicitly entangling
intra-modal and cross-modal signals. This is inherently sub-optimal: a visual
token can be visually unique yet task-irrelevant, or highly relevant yet spatially
duplicated. These two cases are Pareto-incomparable, meaning any single scalar
must impose an implicit and often suboptimal trade-off between diversity and
relevance, which motivates a principled two-stage design that handles each source
of redundancy with a dedicated, optimized criterion.

Lemma 1 (Subspace decorrelation). Assume V ⊥ T and that the projected
components W⊤

V v and W⊤
T v are uncorrelated in expectation.4 Then for any

vi, vj , vk ∈ V,

E
[
κ(vi, vj) ρ(vk, T )

]
= E
[
κ(vi, vj)

]
E
[
ρ(vk, T )

]
. (5)

Conclusion. Under the orthogonality constraint W⊤
V WT = 0 and the mild

decorrelation assumption in Lemma 1,

Cov
(
Dκ(V ), Rρ(V, T )

)
= 0, (6)

which means the two redundancy measures vary along orthogonal statistical
directions.

Proof of (6). Set Xij = κ(vi, vj) and Yk = ρ(vk, T ). By Eqs. (3) and (4),

Dκ(V ) =
1

N2

∑
i̸=j

Xij , Rρ(V, T ) =
1

N

N∑
k=1

Yk.

Expanding the covariance,

Cov(Dκ, Rρ) = E[DκRρ]− E[Dκ]E[Rρ].

Step 1: substitute definitions.

E[DκRρ] = E
[(

1
N2

∑
i̸=j

κ(W⊤
V vi,W

⊤
V vj)

)(
1
N

N∑
k=1

ρ(W⊤
T vk, T )

)]
.

Step 2: apply Lemma 1. Lemma 1 gives E[κ ρ] = E[κ]E[ρ], so

E[DκRρ] =
1

N3

∑
i̸=j

N∑
k=1

E[κ] E[ρ] = E[Dκ]E[Rρ].

Step 3: plug back into the covariance.

Cov(Dκ, Rρ) = E[Dκ]E[Rρ]− E[Dκ]E[Rρ] = 0. □
4 This is a modeling assumption that holds exactly under a generative model v =
WV a + WT b where a ⊥ b, and approximately when the vision-language projector
preserves the heterogeneity of the two modalities. We verify this approximation
empirically and provide a perturbation bound in Remark 2.
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Remark 2 (Relaxation to approximate orthogonality). The strict constraint
W⊤

V WT = 0 is a simplifying assumption. In practice, the vision-language projector
induces a small but non-zero coupling W⊤

V WT = E with ∥E∥op ≤ ϵ. Under this
relaxation, the covariance bound becomes |Cov(Dκ, Rρ)| = O(ϵ), indicating that
the two redundancy measures remain approximately decorrelated as long as the
cross-subspace leakage is small. This is empirically supported by the fact that
CLIP-style contrastive pre-training aligns global semantics (via [CLS] tokens)
rather than patch-level features, leaving the patch-level visual subspace largely
orthogonal to the textual subspace.

Thus, intra-modal redundancy and cross-modal redundancy are uncorrelated
under the orthogonal subspace model, supporting the effectiveness of the two-
stage compression paradigm.

4 Visual Token Pruning with Token Diversity and Task
Relevance

Building on the preliminary analysis, we introduce ToDRE, a two-stage, training-
free, and plug-and-play visual token compression framework (see Figure 3).
ToDRE utilizes a greedy search in the LLM embedding space to select a maximally
diverse subset of visual tokens, followed by an adaptive task-relevance-based
pruning mechanism within the LLM decoder. Next, we elaborate on each stage
in detail.

4.1 Diversity-Driven Token Selection

To obtain a maximally diverse subset of visual tokens, we adopt a greedy max-sum
diversification algorithm [7] consisting of two steps: (1) initializing a retention
set by selecting an initial pivot token, and (2) iteratively adding the token that
minimizes its cumulative similarity to the current set. Full pseudocode of our
proposed token retention algorithm is provided in the supplementary material.

Pivot Token Selection. To determine the initial pivot, we leverage the [CLS]
attention from the last layer of the vision encoder [41] as an importance indicator.
The attention from the [CLS] token z[CLS] ∈ Rd to other visual tokens Zv ∈ Rn×d

is calculated as:

q[CLS] = z[CLS]WQ, Kv = ZvWK ,

a[CLS] = Softmax

(
q[CLS]K

⊤
v√

d

)
,

(7)

where n is the length of the visual token sequence; d is the hidden state size of
the vision encoder; WQ ∈ Rd×d and WK ∈ Rd×d represent the weight matrices
for queries and keys, respectively.
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Fig. 3: Overall framework of ToDRE. Given the visual and textual inputs, the pro-
posed Diversity-driven Token Selection first selects a pivot token from global thumbnail
or video frames with [CLS]-based attention and then performs max-sum diversifica-
tion to retain a diverse set of k visual tokens. The proposed Relevance-driven Token
Reduction then dynamically identifies a pivot decoder layer and prunes all its visual
tokens—the layer is identified if its visual-to-text and text-to-visual attention ratios
both fall below a threshold τ . EG

v , EC
v , and EF

v denote the embeddings of thumbnail,
local crops, and video frames, respectively.

As shown in Figure 3-(a), pivot token selection proceeds as follows: (1) Image
Inputs with AnyRes [32] Support : In this case, LVLM yields one global thumbnail
G along with several local crops C. We compute the [CLS] attention score for
each token in the global thumbnail and choose the token with the highest score
as the pivot, since it captures the most comprehensive global information. (2)
Image Inputs without AnyRes Support : The pivot token is selected from all visual
tokens of the original image, using the same [CLS]-based criterion. (3) Video
Inputs : We first identify, for each frame, the visual token with the highest [CLS]
attention. The final pivot token is then selected as the one with the highest score
among these frame-wise candidates.

For MLLMs without a [CLS] token in their encoders, a random selection
strategy is also acceptable, as it yields performance that is nearly comparable to
the original approach. We provide a detailed comparison of different pivot token
selection strategies in the supplementary material.
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Greedy Max-Sum Diversification. The expansion starts from the designated pivot.
At iteration t, we pick a new token index c(t) by minimizing its cumulative
similarity to the already selected set:

c(t) = argmin
v∈V \C(t−1)

[ ∑
c∈C(t−1)

s(xv,xc)

]
, (8)

where xv and xc denote visual token features with indices v and c, and C(t−1) is
the selected set from the previous iteration. The similarity between two tokens is
measured with cosine similarity

s(xv,xc) =
x⊤
v xc

∥xv∥ ∥xc∥
. (9)

Equivalently, (8) maximizes the sum of distances if d(·, ·) = 1 − s(·, ·). After
selecting c(t), we update the cumulative similarities by adding its contribution:

∀v ∈ V \ C(t) : S(t)
v = S(t−1)

v + s(xv,xc(t)), (10)

and mask the chosen index. This greedy procedure repeats until k diverse tokens
(e.g., k=288, about 10% of visual tokens) are retained, yielding

C = {c(1), c(2), . . . , c(k)}. (11)

Finally, all remaining visual tokens are discarded; the retained visual tokens
together with all text tokens are fed to the LLM decoder for inference.

4.2 Relevance-Driven Token Compression

While strategies involving partial or multi-stage pruning could be further applied,
we argue that such strategies are unnecessary, since the majority of visual tokens
have already been removed in the previous stage. We propose a forward-pass
metric based on global cross-modal interaction to select the most appropriate
decoder layer for token removal. As illustrated in Figure 3-(b), once this layer is
identified, we remove all remaining visual tokens immediately after it.

Specifically, let L be the number of decoder layers in the LLM. Based on our
observation that cross-modal interaction has largely concluded in the latter half
of the decoder (Figure 2), we compute the global cross-modal attention ratios
only at a few selected layers in the deeper portion of the LLM to determine
whether information migration is complete. Since these attention ratios tend to
remain stable across consecutive deeper layers, computing them at every layer
would introduce unnecessary overhead. A more detailed ablation of layer selection
can be found in the supplementary material. At each selected layer ℓ, we compute
two cross-modal attention ratios based on average attention probabilities across
all attention heads and tokens:
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α
(ℓ)
t→v =

∑
i∈T

∑
j∈V A

(ℓ)
ij∑

i∈T

∑
j∈S∪V ∪T A

(ℓ)
ij

,

α
(ℓ)
v→t =

∑
i∈V

∑
j∈T A

(ℓ)
ij∑

i∈V

∑
j∈S∪V ∪T A

(ℓ)
ij

,

(12)

where A
(ℓ)
ij denotes the softmax-normalized attention weight from query token

i to key token j at layer ℓ; S, V , and T represent the system prompt, visual, and
textual tokens, respectively. If both ratios indicate that cross-modal interaction
has diminished sufficiently, we remove all visual tokens from that layer onward,
since the model has already absorbed the necessary visual information into text
representations. This further eliminates redundant visual computation in the
subsequent prefilling and decoding stages, yielding slight improvements in both
efficiency and performance.

5 Experiments

Experimental Setting. We evaluate ToDRE over multiple prevalent LVLMs (in-
cluding LLaVA-NeXT-7B/13B [33], Qwen2.5-VL-7B-Instruct [5], and InternVL2-
8B [46]) and twelve widely adopted benchmarks (including eight on image un-
derstanding tasks and four on video understanding tasks). More details on the
benchmarks, network backbones, and comparison methods can be found in the
supplementary material.

5.1 Benchmarking

Image Understanding Tasks. In Table 1, we report ToDRE’s performance on
a range of image-understanding benchmarks at different token-retention ratios.
First, under the same setup where 75% of visual tokens are pruned in Stage
1—matching competing methods—ToDRE further removes all remaining visual
tokens in Stage 2 and achieves a 98.2% average score, outperforming the second-
best method by 1.6%. Second, under more extreme compression (only 10% of
visual tokens are retained), ToDRE surpasses the second-best approach by 1.5%.
Third, ToDRE also achieves top performance on larger models, reaching an
average score of 93.6% on the 13B variant—demonstrating strong adaptability
across model scales. Note that FastV [10] and SparseVLM [57] are excluded from
the 13B comparison, as their 7B-tuned pruning strategies degrade substantially
when directly transferred to 13B. This further highlights the robustness and
transferability of ToDRE.

Video Understanding Tasks. To further assess ToDRE’s generalization ability,
we evaluate it on both short- and long-form video understanding benchmarks.
As shown in Table 2, ToDRE outperforms the baseline by 3.1% and 0.9% under
the same token retention ratios used for images, and surpasses the second-best
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Method MME ScienceQA GQA POPE MMBench-EN MMBench-CN VizWiz VQAv2 Average

Upper Bound, 2880 Tokens

LLaVA-NeXT-7B [33] 1519.6 72.0 64.2 87.7 68.5 59.0 60.6 80.1 100.0%

Ratio=25%, Retain up to 720 Tokens

FastV [10] 1477.3 69.8 60.4 83.1 65.6 55.4 57.2 77.2 95.4%
SparseVLM [57] 1446.1 67.5 60.9 71.0 63.8 55.4 58.6 77.2 93.1%
FasterVLM [56] 1454.6 67.1 61.3 87.2 66.0 56.8 58.4 76.4 96.0%
GlobalCom2 [35] 1468.7 68.1 61.4 87.6 64.0 54.4 58.7 76.6 95.6%
DivPrune [2] 1486.5 70.0 61.8 87.4 64.6 56.4 58.5 76.4 96.6%
ToDRE (Ours) 1504.3 70.7 63.3 87.5 66.6 58.0 59.5 77.5 98.2%

Ratio=10%, Retain up to 288 Tokens

FastV [10] 1282.9 69.3 55.9 71.7 61.6 53.5 56.1 70.2 88.8%
SparseVLM [57] 1332.2 68.6 56.1 63.2 54.5 52.3 56.2 69.9 86.3%
FasterVLM [56] 1359.2 66.5 56.9 83.6 61.6 55.1 55.6 72.3 91.4%
GlobalCom2 [35] 1365.5 68.7 57.1 83.8 61.8 55.0 56.6 71.8 92.2%
DivPrune [2] 1396.2 69.3 59.2 84.3 63.1 55.7 56.6 73.2 93.5%
ToDRE (Ours) 1464.4 70.2 59.4 85.0 63.3 57.8 56.7 74.4 95.0%

LLaVA-NeXT-13B [33] 1575.2 71.2 65.4 87.5 70.1 66.0 63.6 81.9 100.0%

Ratio=25%, Retain up to 720 Tokens

FasterVLM [56] 1516.1 71.1 62.3 86.1 67.6 62.1 58.1 76.1 95.6%
GlobalCom2 [35] 1531.2 71.4 62.7 86.5 67.9 61.3 58.2 77.2 96.0%
DivPrune [2] 1530.2 71.4 62.9 87.0 67.7 61.4 60.6 77.4 96.6%
ToDRE (Ours) 1557.0 72.8 63.8 87.5 69.1 63.9 57.6 78.5 97.3%

Ratio=10%, Retain up to 288 Tokens

FasterVLM [56] 1386.2 70.5 58.1 81.6 61.7 53.5 55.9 77.1 89.1%
GlobalCom2 [35] 1399.5 71.0 58.3 82.4 65.0 56.6 55.6 72.8 90.8%
DivPrune [2] 1463.3 70.7 60.1 86.5 64.3 53.0 59.1 75.4 92.5%
ToDRE (Ours) 1490.2 71.4 59.9 83.7 65.3 60.5 56.9 75.9 93.6%

Table 1: Performance of training-free token compression methods across
eight image-language benchmarks. “Average” denotes the mean performance ratio
between each token compression method and the vanilla MLLM model. We evaluate all
methods at retention ratios of 25% and 10%, with the best results highlighted in bold.

Method Retain Ratio # Token VideoMME Egoschema MLVU LongVideoBench Average

LLaVA-NeXT-7B [33] 0% 2880 33.3 35.7 20.1 42.5 100.0%

FastV [10]

25% 720

32.3 31.2 16.5 40.3 90.4%
FasterVLM [56] 33.8 41.0 19.6 40.5 102.3%
DivPrune [2] 33.6 41.8 19.5 40.4 102.5%
ToDRE (Ours) 33.3 42.4 19.6 41.0 103.1%

FastV [10]

10% 288

30.4 30.4 11.2 38.7 80.8%
FasterVLM [56] 34.3 36.1 19.1 36.9 96.4%
DivPrune [2] 33.3 40.9 18.9 40.3 100.7%
ToDRE (Ours) 33.2 41.9 18.2 40.7 100.9%

Table 2: Performance of training-free token compression methods across
four video-language benchmarks.

method by 0.6% and 0.2%, respectively. Interestingly, ToDRE even surpasses the
baseline model in some cases. We attribute this to the reduced interference from
redundant visual tokens, which may otherwise suppress task-relevant information
during inference. Similarly, SparseVLM is excluded due to limited transferability,
and GlobalCom2 [35] is omitted as it targets image-only inputs. In contrast,
ToDRE generalizes well across modalities and model scales.
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Qwen2.5-VL-7B-Instruct [5] InternVL2-8B [46]

Benchmark Original Ret. 25% Ret. 10% Original Ret. 25% Ret. 10%

MME [14] 1687.7 1680.6 1573.9 1628.8 1566.4 1424.4
ScienceQA [37] 88.5 86.4 85.4 96.5 95.3 92.5
GQA [19] 60.9 57.3 52.9 62.8 56.9 52.1
POPE [28] 87.7 85.4 80.8 87.8 83.7 76.9
MMBench-EN [36] 82.9 79.9 72.8 81.2 77.2 71.4
MMBench-CN [36] 81.7 78.0 70.4 80.0 74.2 67.6
VizWiz [17] 70.6 68.7 66.7 60.6 58.6 56.3
VQAv2 [16] 82.9 78.3 72.8 79.0 72.8 68.6
VideoMME [15] 61.5 59.4 57.3 55.0 54.2 52.6
Egoschema [38] 58.3 57.3 55.8 55.9 55.0 52.5
MLVU [59] 59.3 58.7 57.2 47.3 52.8 54.0
LongVideoBench [51] 58.4 57.7 54.8 55.0 52.3 48.8

Average 100.0% 97.1% 92.0% 100.0% 96.8% 91.5%

Table 3: Performance of ToDRE on Qwen2.5-VL-7B-Instruct and InternVL2-
8B. Benchmarks as rows. “Ret.” = Retention Ratio. Averages are normalized to each
model’s Original (=100%).

Method FLOPs ↓
(T)

Memory ↓
(GB)

Throughput ↑
(samples/s) Performance ↑

Upper Bound, 2880 Tokens

LLaVA-NeXT-7B [33] 31.4 15.9 1.5 100%

Ratio=10%, Retain up to 288 Tokens

FastV [10] 8.2 (↓73.9%) 14.1 (↓11.3%) 2.1 (1.4×) 88.8%
SparseVLM [57] 6.9 (↓78.0%) 14.1 (↓11.3%) 2.5 (1.7×) 86.3%
FasterVLM [56] 6.1 (↓80.6%) 13.6 (↓14.5%) 2.7 (1.8×) 91.4%
GlobalCom2 [35] 6.1 (↓80.6%) 13.9 (↓12.6%) 2.7 (1.8×) 92.2%
DivPrune [2] 6.0 (↓80.9%) 13.6 (↓14.5%) 2.8 (1.9×) 93.5%
ToDRE (Ours) 6.0 (↓80.9%) 13.6 (↓14.5%) 2.9 (1.9×) 95.0%

Table 4: Inference efficiency comparisons. All experiments were conducted on a
single NVIDIA RTX 3090 GPU. “Memory”: peak GPU memory usage; “Throughput”:
number of POPE samples processed per second; “Performance”: average score across 8
image understanding benchmarks.

Cross-Model Evaluation. As shown in Table 3, we further evaluate ToDRE on
Qwen and InternVL backbones. Specifically, ToDRE retains 97.1% and 96.8% of
the original performance on Qwen2.5-VL-7B-Instruct and InternVL2-8B at a 25%
retention ratio, respectively, and still maintains more than 90% of the original
performance even when only 10% of visual tokens are preserved, demonstrating
strong robustness across different model architectures.
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Method Total Time ↓
(Min:Sec) MME ScienceQA GQA POPE Average

Upper Bound, 2880 Tokens

LLaVA-NeXT-7B [33] 77:04 1519.6 72.0 64.2 87.7 100.0%
Stage 2 only 70:15 1522.7 71.9 64.3 87.6 100.0%

Ratio=25%, Retain up to 720 Tokens

Stage 1 only 48:10 1503.8 70.6 63.1 87.5 98.8%
Stage 1 + Stage 2 (ToDRE) 44:18 1504.3 70.7 63.3 87.5 98.9%

Ratio=10%, Retain up to 288 Tokens

Stage 1 only 31:18 1458.6 70.4 59.4 85.0 95.8%
Stage 1 + Stage 2 (ToDRE) 29:43 1469.3 70.5 59.4 85.0 96.0%

Table 5: Ablation study on two-stage token compression. We evaluated the
individual and combined effects of the proposed two-stage pruning pipeline under
retention ratios of 25% and 10%.

5.2 Efficiency

As shown in Table 4, we compare FLOPs, peak memory, throughput, and accuracy
across token pruning methods at a fixed 10% retention ratio. ToDRE achieves the
highest throughput on POPE [28] (2.9 samples/s, 1.9× over vanilla LLaVA-NeXT-
7B) while matching the lowest peak memory (13.6 GB) with FasterVLM and
DivPrune [2]. Despite its efficiency, ToDRE also attains the best average accuracy
(95.0%), exceeding the second-best method by 1.5%, demonstrating a strong
balance among speed, memory, and performance. In addition, as discussed in
Section 3.1, since most benchmarks require only short answers (small L), decoding-
stage gains are modest. We expect larger benefits for long-form generation where
visual tokens otherwise dominate computation.

5.3 Ablation Study

We conduct ablation studies to evaluate individual and combined contributions
of the two stages in our framework. As shown in Table 5, applying Stage 2 only
already reduces the overall inference time by 8.8% on LLaVA-NeXT-7B baseline
(from 77:04 to 70:15), while maintaining a lossless average performance of 100.0%.
The limited efficiency gain is expected, as Stage 2 only accelerates the latter part
of inference, and most tasks involve generating very short outputs.

In contrast, applying Stage 1 only yields substantial time savings of 37.5%
(48:10) and 59.4% (31:18), respectively, with minimal drops in performance.
When incorporating both stages (Stage 1 + Stage 2), we observe consistent
improvements: First, at the 25% ratio, performance improves from 98.8% to
98.9% with total time reduced (from 48:10 to 44:18). Second, at the 10% ratio,
performance increases from 95.8% to 96.0%, with total time reduced (from 31:18
to 29:43). Overall, ToDRE reduces inference time by 42.5% and 61.4% at the 25%
and 10% token retention ratios, respectively, while even improving performance
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(up to +0.2% gain). These results show that Stage 2 complements the diversity-
based Stage 1, improving the accuracy-efficiency trade-off across compression
settings.

6 Conclusion

In this work, we systematically analyze redundancy in LVLM inference and
identify two key inefficiencies: (1) redundant visual tokens that inflate intra-
modal computation, and (2) tokens that contribute little cross-modal information
during decoding. To address these inefficiencies, we propose ToDRE, a training-
free, architecture-agnostic framework that first selects a maximally diverse subset
of visual tokens via a greedy max-sum diversification algorithm, then removes all
remaining visual tokens once cross-modal attention fades. Experiments on twelve
image- and video-language benchmarks show that ToDRE prunes up to 90% of
visual tokens while preserving 95.0% of the original performance, achieving 2.6×
faster inference and 14.5% lower memory usage than uncompressed baselines.
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