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Abstract

The heavy computational burden of Large Vision-Language
Models (LVLMs) stems primarily from the lengthy visual
token sequences generated by their vision encoders. To
mitigate this, recent work has shifted towards pruning to-
kens within the vision encoder. However, we observe that
these methods predominantly rely on a suboptimal decou-
pled heuristic method. This strategy is conceptually flawed:
it is prone to sampling collapse, fails to fundamentally elim-
inate token redundancy, and tends to systematically discard
secondary yet important semantic clusters. Addressing this
limitation, this paper proposes to formalize visual token
pruning as a unified Representativeness Optimization Prob-
lem. We introduce SCoRe (Salience-Coverage Reduction),
a unified optimization method theoretically grounded in the
Weighted k-Center Problem. SCoRe constructs the final to-
ken set greedily: at each iteration, it selects the token that
maximizes the unified representativeness score, thereby op-
timizing global representativeness. Extensive experiments
demonstrate that SCoRe achieves State-of-the-Art (SOTA)
performance across multiple benchmarks. Notably, with
negligible computational overhead, our method reduces to-
kens by 94.4% while retaining 95% of the full performance.

1. Introduction
Large Vision-Language Models [3, 6, 21, 25, 27, 42]
(LVLMs) have demonstrated exceptional general capabili-
ties in complex visual understanding and reasoning tasks,
fundamentally reshaping the field of artificial intelligence.
However, a critical design dilemma is inherent in their
mainstream architecture: to facilitate linguistic processing
of visual input, the Vision Encoder must first grid the im-
age and transform it into a sequence of visual tokens. Cru-
cially, the number of visual tokens significantly surpasses
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Figure 1. Performance comparison across ten LVLM bench-
marks. All methods are evaluated under the identical setting of
retaining 32 tokens (i.e., a 94.4% pruning rate). SCoRe (red)
achieves comprehensive superiority over previous SOTA meth-
ods on key benchmarks such as VQAText, GQA, and MMBench.
The performance area of SCoRe (red region) is the largest, veri-
fying the superiority of its unified optimization framework. While
pruning 94.4% of tokens, it maintains 95% of the baseline per-
formance, outperforming mainstream methods: SparseVLM [49]
(77.9%), VisPruner [47] (91.5%).

that of textual tokens [11, 31, 43]. This sequence length (L)
grows rapidly when dealing with challenging tasks such as
high-resolution images or long videos. The core bottleneck
is not the sequence length itself, but the quadratic compu-
tational complexity (O(L2)) intrinsic to the Self-Attention
mechanism of the transformer [1, 2, 38, 51] . Consequently,
this quadratic complexity makes scaling LVLMs to high-
resolution [14, 50] or long-video [8, 20, 24, 33] regimes
computationally prohibitive, thus fundamentally hindering
their widespread deployment on edge devices and in real-
world scenarios [35].

To address this bottleneck, existing visual token pruning
methods primarily employ two distinct strategies to evalu-
ate token importance. Early attempts relied on cross-modal
attention within the LLM. However, this direction suffers
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from fundamental flaws: attention scores in the early layers
of the LLM are highly dispersed and severely contaminated
by inherent positional biases [47]. These noisy signals fail
to accurately reflect the tokens’ true semantic importance.
Consequently, recent work [37, 44, 48] has shifted towards
leveraging more stable features derived from the Vision En-
coder itself.

Despite adopting more reliable feature sources, these
methods universally employ a decoupled heuristic strategy.
They first select the Top-k visual tokens based on the Vi-
sion Encoder’s attention scores; then, in a secondary stage,
they attempt to compensate for diversity via post-hoc meth-
ods such as clustering or merging. This two-stage heuristic
is fundamentally sub-optimal as it inherently neglects opti-
mizing maximum coverage over the semantic token space
from the outset. First, the initial Top-k selection system-
atically ignores minor yet critical semantic clusters, a flaw
that subsequent post-hoc compensation cannot effectively
rectify. Second, the selected high-importance tokens ex-
hibit high semantic redundancy. As a result, this strategy is
highly prone to sampling collapse (e.g., tokens heavily con-
centrating on the main subject while neglecting the back-
ground), yielding a retained subset that fundamentally lacks
global coverage of the entire image.

To address these limitations, we formalize the visual to-
ken pruning task as a unified representativeness optimiza-
tion problem. This problem is defined as finding a token
subset of size k within the given semantic space that op-
timally represents the semantic information of the origi-
nal full set. This novel formalization allows us to estab-
lish a theoretical link between token pruning and the classic
Weighted k-Center Problem.

Based on this theoretical connection, we propose SCoRe
(Salience-Coverage Reduction), a training-free and compu-
tationally efficient algorithm. SCoRe iteratively constructs
the representative subset by optimizing a single, unified
composite score. This score dynamically balances two fac-
tors: the token’s inherent salience and its spatial coverage.
This unified optimization process intrinsically suppresses
candidate tokens redundant to the selected set, ensuring that
the newly added token at each step is the most globally rep-
resentative point. Simultaneously, it incentivizes the algo-
rithm to select from previously overlooked semantic clus-
ters, thereby theoretically mitigating the sampling collapse
phenomenon. Our main contributions are threefold:

• We conceptually formalize visual token pruning as a uni-
fied representativeness optimization problem, moving be-
yond previous heuristic-based methods, and establish its
profound theoretical connection to the Weighted k-Center
Problem.

• We propose a training-free and highly efficient algorithm,
SCoRe. SCoRe is the first method to simultaneously opti-
mize salience and coverage through a single, unified com-

posite score, making it conceptually superior to all exist-
ing decoupled heuristics.

• Extensive experiments on multiple benchmarks demon-
strate that our method consistently surpasses existing
state-of-the-art (SOTA) approaches. It achieves a 94.4%
token reduction while maintaining 95% of the baseline
performance on average with negligible computational
overhead.

2. Related Work

2.1. Vision-Language Models (VLMs)
Large Vision-Language Models (LVLMs) extend the rea-
soning power of Large Language Models (LLMs) to the
multimodal domain. Mainstream architectures [4, 9, 30]
typically comprise three core components: (1) a pre-trained
Vision Encoder [36, 46] to convert the input image into a
sequence of visual tokens; (2) a Modal Alignment Module
(e.g., MLP [27, 30] or Q-Former [22]); and (3) an LLM
Decoder serving as the core reasoning and generation en-
gine. Despite their immense success, these models face a
critical computational efficiency bottleneck [10, 39]. The
adoption of higher-resolution inputs to enhance visual un-
derstanding leads to a sharp increase in the visual token se-
quence length (L). For instance, moving from LLaVA-1.5
to LLaVA-NeXT increases the sequence length from 576
to 2880 tokens [28, 29]. This excessively long sequence
constitutes a critical obstacle to VLM inference efficiency
due to the quadratic computational complexity (O(L2)) in-
herent in the Transformer’s Self-Attention mechanism [39],
severely hindering deployment on resource-constrained de-
vices.

2.2. Visual Token Pruning
To mitigate this computational bottleneck, various visual
token pruning methods have been proposed. These ap-
proaches are broadly categorized by the signal source used
to evaluate token importance.
Pruning based on LLM Internal Cross-Attention. Early
attempts primarily relied on cross-modal attention scores
within the LLM to assess visual token importance [19, 45].
For instance, some methods drop visual tokens after specific
LLM layers upon observing that they receive significantly
lower attention scores than textual tokens. However, using
early-layer cross-modal attention as a pruning criterion is
unreliable, as these signals are highly dispersed and inher-
ently biased by positional encodings, preventing an accurate
reflection of true semantic salience.
Pruning based on Vision Encoder Features. To circum-
vent the unreliability of internal LLM signals, recent works
have shifted to utilizing earlier, more stable features within
the Vision Encoder, making them generally text-agnostic
[34, 37]. These methods often reduce sequence length by
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merging similar tokens. ToMe [5] progressively merges the
most similar tokens across ViT blocks, while VisionZip [44]
uses a hybrid approach: selecting dominant tokens based on
[CLS] attention and merging the remainder.

Although these methods achieve state-of-the-art perfor-
mance, they universally employ a decoupled heuristic strat-
egy. As discussed, this two-stage strategy is fundamentally
sub-optimal, as it inherently neglects optimizing maximum
coverage over the global semantic space from the outset,
thus rendering it prone to sampling collapse. To address
this issue, SCoRe formulates visual token pruning as a uni-
fied representativeness optimization problem and proposes
an algorithm that balances salience and coverage simulta-
neously by optimizing a single unified composite score.

3. Motivation

In the Introduction, we argued that existing state-of-the-art
(SOTA) pruning methods, especially those relying on the
decoupled heuristic strategy, are theoretically sub-optimal.
In this section, we provide core visual and analytical evi-
dence to support this argument. Through two key motiva-
tions and two corresponding observations, we will estab-
lish the design principles that a query-agnostic pruning al-
gorithm must satisfy.

3.1. The Importance of Coverage

To provide analytical evidence at the data level, we must
first address a fundamental question: what is the intrinsic
feature space structure of visual tokens prior to their inges-
tion by the LLM? For this purpose, we extract the token fea-
tures from the second-to-last layer of the Vision Encoder.
Observation 1: Visual tokens are non-uniformly dis-
tributed and form discrete semantic clusters. We use
UMAP to project these high-dimensional features into a
two-dimensional space. As shown in Figure 2a, the visu-
alization reveals a critical insight: tokens are not uniformly
distributed but form discrete, high-density semantic clus-
ters. After clustering and coloring with DBSCAN, these
clusters clearly divide the feature space into distinct seman-
tic islands. Different semantic entities occupy independent
positions in the feature space.

This clustering characteristic reveals a fundamental re-
quirement for pruning algorithms: an ideal algorithm must
ensure coverage diversity across these different semantic
clusters. If a pruning algorithm only retains tokens from
a single cluster, no matter how important that cluster is,
the model will lose the remaining semantic information
of the image (e.g., completely ignoring secondary sub-
jects), thereby leading to inference failure. This observation
demonstrates that any pruning algorithm must incorporate a
mechanism to maximize spatial coverage.

(a) Original (b) Top-k (c) SCoRe (Ours)

Figure 2. UMAP-based visualization: (a) Original tokens after
UMAP dimensionality reduction and DBSCAN clustering with
coloring; (b) Tokens retained by the Top-k attention score strat-
egy, where sampling collapse occurs; (c) Tokens retained by the
SCoRe algorithm, which achieves higher coverage.

3.2. Tokens Are Not Equally Important
Semantic clustering reveals the necessity of coverage, but it
does not address the issue of how to efficiently allocate the
pruning budget, as the semantic values of different clusters
vary significantly. We measure token salience using [CLS]
token attention scores and visualize the selection results of
the Top-k strategy.
Observation 2: High-salience regions are highly seman-
tically redundant; oversampling the same cluster ulti-
mately leads to sampling collapse. Figure 2b exposes a
salience trap: even within high-salience semantic clusters, a
high degree of semantic redundancy exists. When employ-
ing the Top-k strategy to prioritize tokens with high atten-
tion scores, the retained tokens densely concentrate within a
few specific clusters, completely neglecting the majority of
other semantic regions. This observation reveals a key flaw:
importance does not equate to representativeness. A token
with a high attention score may be important, but it may be
redundant for the cluster it belongs to. This also explains
why greedy strategies relying solely on salience (such as
Top-k) are destined to fail: they lead to sampling collapse,
i.e., oversampling on a single high-salience cluster, wasting
valuable budget that could have been used to cover other
secondary clusters.

3.3. Design Principles for a Query-Agnostic Prun-
ing Algorithm

Based on the preceding analysis, we jointly establish two
core design principles for a query-agnostic token pruning
algorithm:
• Global Coverage: The algorithm must sample from all

discrete semantic clusters.
• Salience Priority: The algorithm must prioritize regions

with high information content.
The existing decoupled heuristic strategy inevitably

leads to the sampling collapse observed in Section 3.2 (Fig-
ure 2b), resulting in a high coverage loss. In contrast,
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an ideal pruning algorithm must balance the seemingly
conflicting goals of salience and coverage. Our method,
SCoRe, is the realization of this unified framework: it auto-
matically allocates tokens to the high-salience primary and
secondary subjects simultaneously, while reducing the cov-
erage loss, as evidenced in Figure 2c.

4. Methodology

In this section, we propose SCoRe, a unified framework
grounded in classic k-Center theory. SCoRe formalizes to-
ken pruning as a representativeness optimization problem,
thereby offering a principled solution that dynamically bal-
ances both coverage and salience.

4.1. Formalizing the Pruning Problem
In Sec. 3, our analysis established that an ideal pruning al-
gorithm must simultaneously satisfy the twin objectives of
global coverage and salience priority. Moving beyond these
findings, we now formalize visual token pruning as a unified
optimization problem.

Definition 1: Representativeness optimization problem
Given:
• Let V = {v1, v2, . . . , vL} be the complete set of L visual

tokens extracted from the Vision Encoder (where vi ∈
RD is a D-dimensional feature vector), and let k (k ≪ L)
be the target subset size.

• Let wi ≥ 0 be the salience score (weight) of token vi
(e.g., its [CLS] attention score) quantifying its intrinsic
importance, and let d(vi, vj) be the distance between two
tokens (e.g., Euclidean or cosine distance).

• A representativeness loss functionR(S, V ), which quan-
tifies the lack of representativeness of subset S with re-
spect to the complete set V .

Objective:
Find a subset S∗ ⊂ V , such that |S∗| = k, and S∗ mini-

mizes the representativeness loss:

S∗ = argmin
S⊂V,|S|=k

R(S, V ) (1)

From Representativeness to the Weighted k-Center
Problem

Based on our analysis in Section 3.3, an effective loss
function must intrinsically balance a token vi’s salience de-
noted as wi and its semantic distance to the subset S de-
noted as d(vi, S). We establish the core premise that a rep-
resentative subset S should ensure any token vi in the orig-
inal set V satisfies one of the following conditions: (1) It is
semantically close to S, meaning d(vi, S) is small; (2) It is
intrinsically unimportant, meaning wi is low.

Thus, the representativeness loss incurred by the worst-
represented point can be defined as the maximum weighted

Algorithm 1 SCoRe (Salience-Coverage Reduction)

Require: Visual tokens V = {v1, . . . , vL}, salience scores
W = {w1, . . . , wL}, target size k, hyperparameter α

Ensure: Representative indices Sidx
1: s∗ ← argmax(W )
2: Sidx ← {s∗}
3: dmin ← [dcos(vi, vs∗) | ∀vi ∈ V ]
4: while |Sidx| < k do
5: comp s← dmin ⊙ (Wα)
6: comp s[Sidx]← −∞
7: i∗ ← argmax(comp s)
8: Sidx ← Sidx ∪ {i∗}
9: dnew ← [dcos(vi, vi∗) | ∀vi ∈ V ]

10: dmin ← min(dmin, dnew)
11: end while

return Sidx

distance:

R(S, V ) = max
vi∈V

(wi · d(vi, S)) (2)

Substituting this loss function into the objective from
Section 4.1, our optimization goal becomes:

S∗ = argmin
S⊂V,|S|=k

(
max
vi∈V

(wi · d(vi, S))
)

(3)

Corollary: This problem is formally equivalent to the clas-
sic Weighted k-Center Problem [16].

This theoretical connection provides us with a firm foun-
dation, allowing us to move beyond previous heuristic
methods. Although this problem is NP-hard, it admits ef-
ficient greedy approximation algorithms. Inspired by this,
we propose an algorithm that efficiently applies this greedy
framework to visual token pruning, used to iteratively con-
struct the representative subset.

4.2. SCoRe (Salience-Coverage Reduction)
Based on the theoretical framework established in Section
4.1, we formally introduce SCoRe, an efficient algorithm
tailored for the visual token pruning task.

SCoRe’s iterative strategy (Algorithm 1) strictly follows
the greedy criterion derived in Section 4.1. The algorithm
proceeds as follows: First, select the token s1 with the
highest salience score from the original set V as the ini-
tial representative point. Next, iterate k − 1 times: In
each step t (from 2 to k), evaluate all unselected tokens
vi ∈ V \ St−1 and calculate their unified representative-
ness score—the product of two key components: the to-
ken’s minimum cosine distance to the current selected set
St−1 and its own salience score raised to the power of α.
Finally, the token with the highest unified score is chosen as
the new representative point st and added to St.
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Figure 3. SCoRe’s visual token pruning process. The diagram illustrates how SCoRe iteratively selects representative tokens by balancing
salience (from [CLS] attention) and coverage (via cosine distance), integrating into a VLM pipeline where pruned tokens are passed to the
Projector and LLM for downstream inference.

This iterative process is summarized by the SCoRe core
formula:

st = argmax
vi∈V \St−1

(dcos(vi, St−1) · (score(vi))α) (4)

Where the key symbols are defined as follows:
• dcos(vi, S) (Cosine Distance): It is the distance mea-

sure for semantic difference, defined as the mini-
mum distance from token vi to the selected set S:
dcos(vi, S) = mins∈S dcos(vi, s), where dcos(vi, s) =
1− cosine similarity(vi, s).

• score(vi) (Salience Score): This score quantifies the in-
trinsic semantic importance of token vi. It is defined as
the attention score of token vi to the [CLS] token.

• α (Balance Hyperparameter): A hyperparameter that bal-
ances the coverage/diversity objective.
The combination ensures that a token must possess both

high salience (score(vi)) and high coverage (dcos(vi, St−1))
to be selected. This fundamentally prevents sampling col-
lapse: selecting a point from a high-salience cluster imme-
diately decreases the dcos(vi, St−1) score of nearby points,
making them less attractive in subsequent iterations.

4.3. SCoRe Integration in VLMs
SCoRe operates as a training-free, plug-and-play module
embedded between the Vision Encoder and the Modality
Projector. The complete pipeline is shown in Figure 3.
During inference, the input image I is first processed by
the Vision Encoder to simultaneously output two key ten-
sors: L original visual token features V = {v1, . . . , vL}

and their associated salience weights W = {w1, . . . , wL}.
These two tensors (V and W ) are fed into the SCoRe al-
gorithm, which efficiently selects k representative indices
Sidx = {s1, . . . , sk}. The compact token subset VS , se-
lected via indices Sidx, is subsequently projected by the
Modality Projector into the LLM’s textual semantic space,
yielding FS . Next, these projected visual tokens FS are
concatenated with the text tokens T derived from the user
query, forming the unified multimodal input sequence Z =
[FS ;T ]. Finally, this merged sequence Z is fed into the
LLM Decoder to generate the final response A.

5. Experiments
In this section, we validate our method across various VLM
architectures on comprehensive multi-modal tasks, includ-
ing high-resolution image and video understanding. We
compare our approach with multiple existing methods and
conduct an ablation study and an efficiency analysis.

5.1. Experimental setup
Datasets We conduct comprehensive experiments across
13 multi-modal benchmarks, encompassing both image-
based and video-based tasks. For image-centric evalu-
ations, we select 10 widely adopted benchmarks: com-
mon visual question answering (VQA) tasks including
VQAv2 [13], GQA [17], VizWiz [15], ScienceQA-IMG,
and TextVQA; as well as general multi-modal benchmarks
such as POPE [23], MME [12], MMBench, MMBench-
CN, and MM-Vet. For video understanding, we evaluate
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Method VQAV2 GQA VizWiz SQAIMG VQAText POPE MME MMB MMBCN MMVet Acc. Rel.
Upper Bound, All 576 Tokens (100%)

LLaVA-1.5-7B 78.5 62.0 50.0 66.8 58.2 85.9 1510.7 64.3 58.3 31.1 63.1 100.0%
Retain 128 Tokens (↓ 77.8%)

Cross-Attention
FastV [7](ECCV24) 61.8 49.6 51.3 60.2 50.6 59.6 1208.9 56.1 51.4 28.1 52.9 85.4%
SparseVLM [49](ICML25) 73.8 56.0 51.4 67.1 54.9 80.5 1376.2 60.0 51.1 30.0 59.4 94.4%
Vision Feature
ToMe [5](ICLR23) 63.0 52.4 50.5 59.6 49.1 62.8 1088.4 53.3 48.8 27.2 52.1 83.9%
VisionZip [44](CVPR25) 75.6 57.6 52.0 68.9 56.8 83.2 1432.4 62.0 56.7 32.6 61.7 98.4%
VisPruner [47](ICCV25) 75.8 58.2 52.7 69.1 57.0 84.6 1461.4 62.7 57.3 33.7 62.4 99.6%
SCoRe (Ours) 76.4 59.3 53.7 70.1 57.2 87.3 1451.2 62.6 57.8 33.7 63.1 100.6%

Retain 64 Tokens (↓ 88.9%)
Cross-Attention
FastV [7](ECCV24) 55.0 46.1 50.8 51.1 47.8 48.0 1019.6 48.0 42.7 25.8 46.6 75.9%
SparseVLM [49](ICML25) 68.2 52.7 50.1 62.2 51.8 75.1 1221.1 56.2 46.1 23.3 54.7 86.4%
Vision Feature
ToMe [5](ICLR23) 57.1 48.6 50.2 50.0 45.3 52.5 922.3 43.7 38.9 24.1 45.7 73.9%
VisionZip [44](CVPR25) 72.4 55.1 52.9 69.0 55.5 77.0 1365.6 60.1 55.4 31.7 59.7 95.6%
VisPruner [47](ICCV25) 72.7 55.4 53.3 69.1 55.8 80.4 1369.9 61.3 55.1 32.3 60.4 96.6%
SCoRe (Ours) 74.7 56.9 53.5 69.9 56.5 83.1 1414.1 60.2 55.6 32.0 61.3 97.8%

Retain 32 Tokens (↓ 94.4%)
Cross-Attention
FastV [7](ECCV24) 43.4 41.5 51.7 42.6 42.5 32.5 884.6 37.8 33.2 20.7 39.0 64.1%
SparseVLM [49](ICML25) 58.6 48.3 51.9 57.3 46.1 67.9 1046.7 51.4 40.6 18.6 49.3 77.9%
Vision Feature
ToMe [5](ICLR23) 46.8 43.6 51.3 41.4 38.3 39.0 828.4 31.6 28.1 17.3 37.9 61.4%
VisionZip [44](CVPR25) 67.1 51.8 52.9 68.8 53.1 68.7 1247.4 57.7 50.3 25.5 55.8 89.0%
VisPruner [47](ICCV25) 67.7 52.2 53.0 69.2 53.9 72.7 1271.0 58.4 52.7 28.8 57.2 91.5%
SCoRe (Ours) 72.1 54.9 53.5 69.9 54.5 80.3 1380.1 59.9 53.6 29.4 59.7 95.0%

Table 1. Performance comparison of different pruning methods on LLaVA-1.5-7B. Here, Acc. denotes the average accuracy across 10
benchmarks, and Rel. represents the average percentage of performance maintained at the corresponding reduction ratio.

on 3 standard video question answering (Video-QA) bench-
marks: TGIF-QA [18], MSVD-QA [40], and MSRVTT-
QA [40]. All experiments adhere to the default settings and
evaluation metrics of each benchmark, with detailed task
descriptions provided in the supplementary material.
Model architectures We evaluate SCoRe on diverse VLM
architectures to demonstrate its generalizability: the LLaVA
series (LLaVA-1.5 [28], LLaVA-NeXT [29] for high-
resolution inputs), Video-LLaVA [26] for video understand-
ing, and Qwen-VL [4]—a widely used general-purpose
VLM. For consistency, we adopt the inference configura-
tions specified in the original works of all evaluated models.
Comparison methods We compare SCoRe with five state-
of-the-art (SOTA) token pruning methods, covering di-
verse pruning paradigms targeting different stages of the
VLM pipeline: ToMe [5], FastV [7], SparseVLM [49], Vi-
sionZip [44], and VisPruner [47]. These methods repre-
sent the latest advances in visual token reduction, ensuring
a comprehensive comparison of SCoRe’s performance.

5.2. Main results
We first apply SCoRe to the classic LLaVA-1.5 model and
conduct a comprehensive comparison with existing meth-
ods. Tab. 1 shows the performance of different prun-
ing methods on the LLaVA-1.5-7B model when retain-
ing only 128, 64, and 32 tokens. With 77.8% of the vi-

sual tokens pruned (retaining 128 tokens), SCoRe remark-
ably maintained 100.6% of the original performance, effec-
tively achieving the upper bound. When the number of re-
tained tokens is further reduced to 64 (pruning rate 88.9%),
SCoRe only decreases the original performance by 2.2%
(Rel. 97.8%), significantly outperforming the best cross-
attention-based method, SparseVLM (Rel. 86.4%), by as
much as 11.4%. It also surpasses the latest vision-based
pruning method, VisionZip (Rel. 95.6%). This result sug-
gests that simultaneously optimizing salience and coverage
for token selection is more crucial than merging similar to-
kens. Even when retaining only about 5% of the tokens
(32 tokens, pruning rate 94.4%), SCoRe is able to main-
tain 95.0% of the performance, proving the effectiveness of
its design that balances salient tokens and diverse semantic
clusters as complements.

5.3. Extending SCoRe to Other VLM Frameworks
SCoRe with higher resolution. Some works [29, 32, 41]
attempt to improve VLM performance on visual question
answering tasks by increasing the input image resolution.
However, this resolution increase introduces much more
visual tokens, further intensifying the computational load
on the VLM. In this section, we apply SCoRe to LLaVA-
NeXT-7B, which can handle up to 2880 visual tokens. The
results are presented in Tab. 2. Compared to LLaVA-1.5,
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Method VQAV2 GQA VQAText POPE MME Acc. Rel.
Upper Bound, All 2880 Tokens (100%)

LLaVA-NeXT-7B 81.2 62.9 59.6 86.3 1513.8 73.1 100.0%
Retain 640 Tokens (↓ 77.8%)

Cross-Attention
FastV [7](ECCV24) 78.9 60.4 58.4 83.1 1477.3 70.9 97.0%
SparseVLM [49](ICML25) 78.2 59.1 56.2 80.9 1456.3 69.4 94.9%
Vision Feature
VisionZip [44](CVPR25) 79.2 60.1 58.5 82.2 1468.4 70.7 96.7%
VisPruner [47](ICCV25) 79.8 61.6 59.3 85.9 1480.7 72.1 98.6%
SCoRe (Ours) 80.0 61.9 59.9 86.2 1475.3 72.4 99.1%

Retain 320 Tokens (↓ 88.9%)
Cross-Attention
FastV [7](ECCV24) 71.9 55.9 55.7 71.7 1282.9 63.9 87.7%
SparseVLM [49](ICML25) 71.4 56.5 52.4 73.5 1342.7 64.2 87.9%
Vision Feature
VisionZip [44](CVPR25) 74.2 58.1 55.3 75.0 1348.8 66.0 90.5%
VisPruner [47](ICCV25) 75.7 58.4 57.6 80.4 1370.1 68.1 93.3%
SCoRe (Ours) 78.2 60.1 59.3 85.2 1403.1 70.6 96.6%

Retain 160 Tokens (↓ 94.4%)
Cross-Attention
FastV [7](ECCV24) 61.8 49.8 51.9 51.7 1079.5 53.8 74.7%
SparseVLM [49](ICML25) 62.2 50.2 45.1 54.6 1167.1 54.1 74.5%
Vision Feature
VisionZip [44](CVPR25) 67.3 54.3 54.7 59.4 1239.7 59.5 82.3%
VisPruner [47](ICCV25) 70.6 54.7 56.0 72.9 1226.0 63.1 86.7%
SCoRe (Ours) 72.6 58.6 57.5 82.1 1395.8 68.1 93.4%

Table 2. Performance comparison of different pruning meth-
ods on LLaVA-NeXT-7B. Acc. denotes the average accuracy
across benchmarks, and Rel. represents the average percentage
of performance maintained at the corresponding reduction ratio.

Method VQAV2 GQA VizWiz SQAIMG VQAText Acc. Rel.
Upper Bound, All 256 Tokens (100%)

Qwen-VL-7B 78.8 59.3 35.2 67.1 63.8 60.8 100.0%
Retain 128 Tokens (↓ 50%)

FastV [7](ECCV24) 76.5 56.9 32.7 65.3 58.2 57.9 94.9%
VisPruner [47](ICCV25) 77.4 57.8 33.4 65.9 59.6 58.8 96.4%
SCoRe (Ours) 78.0 58.5 34.0 66.5 60.5 59.5 97.9%

Table 3. Performance of SCoRe on Qwen-VL-7B. Acc. denotes
the average accuracy across benchmarks, Rel. represents the aver-
age percentage of performance maintained.

LLaVA-NeXT involves a greater number of visual tokens,
implying a higher degree of redundancy. At a 94.4% re-
duction ratio, retaining only 160 visual tokens, SCoRe pre-
serves 93.4% of the original performance, significantly out-
performing FastV (74.7%), SparseVLM (74.5%) as well as
VisionZip (82.3%), demonstrating the value of SCoRe for
high-resolution visual inputs.
SCoRe with Qwen-VL-7B. To validate the architectural
generalizability of our method, we apply SCoRe to the
Qwen-VL-7B model, which employs a Q-Former as a
multimodal projector. The experiment benchmarks perfor-
mance against the Upper Bound (256 tokens, 60.8% overall
Acc.) and compares results when retaining only 128 tokens
(↓ 50%).SCoRe consistently demonstrates superiority over
FastV and VisPruner across all measured benchmarks after
the 50% token reduction. Quantitatively, SCoRe achieves
59.5%overall accuracy, representing a 1.6 percentage point
improvement over FastV (57.9%). The Relative Retention
rate is maximized by SCoRe at 97.9%, significantly higher
than FastV (94.9%) and VisPruner (96.4%).

The comprehensive advantage of SCoRe across the
Qwen-VL-7B architecture confirms its core principle’s ef-
fectiveness: the strategy of balancing salience and coverage

Method TGIF-QA MSVD-QA MSRVTT-QA Average
Acc. Score Acc. Score Acc. Score Acc. Score

Upper Bound, All 2048 Tokens (100%)
Video-LLaVA [26] 19.8 2.53 70.5 3.93 57.5 3.50 49.3 3.32

Retain 455 Tokens (↓ 77.8%)
FastV [7](ECCV24) 19.2 2.50 69.1 3.91 54.4 3.42 47.6 3.28
VisPruner [47](ICCV25) 18.4 2.49 70.2 3.95 56.7 3.50 48.4 3.31
SCoRe (Ours) 19.0 2.51 70.6 3.96 57.2 3.51 48.9 3.33

Retain 227 Tokens (↓ 88.9%)
FastV [7](ECCV24) 14.3 2.42 68.9 3.90 53.0 3.40 45.4 3.24
VisPruner [47](ICCV25) 15.9 2.41 69.3 3.92 55.6 3.45 46.9 3.26
SCoRe (Ours) 16.5 2.43 69.8 3.93 56.2 3.47 47.5 3.28

Retain 114 Tokens (↓ 94.4%)
FastV [7](ECCV24) 10.6 2.29 64.1 3.78 52.4 3.39 42.4 3.15
VisPruner [47](ICCV25) 14.1 2.35 65.4 3.79 54.1 3.41 44.5 3.18
SCoRe (Ours) 14.8 2.37 66.0 3.80 54.8 3.43 45.2 3.20

Table 4. Video understanding performance with Video-LLaVA
across three commonly used video question answering bench-
marks.

is a universal and effective method for visual token pruning,
transcending diverse VLM projection mechanisms.

5.4. Application in Video Understanding

Video understanding is another scenario with high visual
redundancy. We also apply SCoRe to Video-LLaVA [26],
which accepts videos as input. Following [33] and [26],
we conduct experiments on three video question answering
benchmarks, using ChatGPT-Assistant for evaluation. The
evaluation results are shown in Tab. 4. Video-LLaVA pro-
cesses 8 frames of 224-resolution video, totaling 2048 vi-
sual tokens. SCoRe maintains strong performance across
all reduction ratios, significantly outperforming FastV. This
improvement is due to the higher redundancy in temporally
continuous video frames compared to single images, and
the [CLS] attention accurately identifies key tokens within
the video sequence, enabling SCoRe to maintain strong per-
formance even at high reduction ratios.

5.5. Ablation study

To verify the necessity of balancing diversity and salience,
we conduct ablation experiments on LLaVA-1.5-7B with 32
retained tokens (Fig. 4).

We evaluate two extremes: Diverse (α = 0), a pure
diversity method, achieves 53.2% Acc. on TextVQA and
76.2% F1 on POPE, proving diversity alone is inadequate.
Important (α → ∞), a pure salience method, improves
to 54.0% Acc. on TextVQA and 77.8% F1 on POPE, yet
misses valuable non-salient context.

Our full SCoRe method, by optimally balancing both
properties, outperforms both extremes significantly: it
achieves 54.5% Acc. on TextVQA and 80.3% F1-Score on
POPE. This robust performance demonstrates that the com-
plementary integration of diversity and salience is crucial
for maintaining performance under aggressive token prun-
ing.
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Figure 4. Ablation study on the balance between diversity and
salience. All experiments retain 32 visual tokens. Diverse corre-
sponds to SCoRe with α = 0 (degrading to a pure diversity-based
algorithm), Important corresponds to SCoRe with a sufficiently
large α (degrading to a pure salience-based algorithm), and SCoRe
represents our full method that balances both properties.

Figure 5. Sensitivity analysis of hyperparameter α. The experi-
ment is conducted on the TextVQA with 32 retained tokens, where
α controls the trade-off between diversity coverage and salience.

5.6. Hyperparameter Sensitivity (α)

The hyperparameter α in SCoRe controls the trade-off be-
tween coverage and salience during token selection. To
investigate its sensitivity, we conduct experiments on the
TextVQA benchmark with 32 retained tokens, varying α
from 0.5 to 1.0 (Fig. 5). The results show that SCoRe
achieves stable performance across a wide range of α val-
ues, with the highest accuracy (55.04%) observed at α =
0.8. When α is too small (0.5 – 0.6), overemphasizing di-
versity leads to suboptimal performance (54.52% at α =
0.6) due to the inclusion of less critical tokens. When α
is too large (0.9 – 1.0), overemphasizing salience results in
a slight drop (54.48% at α = 1.0) as semantic coverage
decreases. Notably, the performance remains above 54.5%
for α ∈ [0.7, 0.9], indicating that SCoRe is robust to rea-
sonable variations in α and does not require fine-grained
tuning, which enhances its practicality.

Method # Tokens FLOPs (T) Storage (MB) GPU Memory (GB) CUDA Time (ms)

LLaVA-NeXT-7B 2880 43.3 1440 16.7 853.2
FastV [7](ECCV24) 640 13.5 380 16.9 403.4
SCoRe (Ours) 640 4.1 360 14.6 230.5
FastV [7](ECCV24) 160 6.3 95 16.9 305.3
SCoRe (Ours) 160 3.8 80 14.7 158.3

Table 5. Performance and Resource Comparison of Different
Methods. # Token denotes the number of retained vision tokens,
FLOPs (T) represents tera operations, Storage (MB) is the memory
storage overhead, GPU Memory (GB) is the graphics card memory
usage, and CUDA Time (ms) is the inference time on CUDA.

5.7. Efficiency analysis

To demonstrate the efficiency of SCoRe, we perform a
comparative analysis of FLOPs, cache storage, GPU mem-
ory, and CUDA latency with FastV on LLaVA-NeXT-7B.
All experiments are performed on a single NVIDIA A100-
40GB GPU, evaluated using the POPE benchmark. As
shown in Tab. 5, by retaining only 160 tokens, SCoRe
achieves significant reduction in inference latency for
LLaVA-NeXT. Compared to FastV with the same reduc-
tion ratio, SCoRe requires less memory and achieves faster
inference. Moreover, the design of pruning before the lan-
guage model enables compatibility with faster attention im-
plementations like FlashAttention [10], which are infeasible
for methods like FastV that require access to the text-visual
attention information within the language model.

6. Conclusion

In this paper, we identify a fundamental flaw in existing vi-
sual token pruning methods: their reliance on the decou-
pled heuristic strategy, which leads to sub-optimal sampling
collapse. To address this, we propose SCoRe, a training-
free token pruning framework. SCoRe abandons heuris-
tics, formalizing pruning as a unified representativeness op-
timization problem and connecting it to the classic weighted
k-center problem. By iteratively optimizing a composite
score balancing salience and coverage, SCoRe fundamen-
tally avoids prior limitations. Extensive experiments show
SCoRe achieves state-of-the-art performance across bench-
marks with enhanced efficiency. We believe SCoRe’s the-
oretically grounded unified framework offers a principled
and scalable direction for designing VLMs to efficiently
handle high-resolution images and videos.
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