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Abstract
Visual token pruning has emerged as a pivotal
strategy to alleviate the computational bottle-
neck in Multimodal Large Language Models
(MLLMs), yet it frequently compromises the
integrity of visual understanding in pursuit of
efficiency. Existing methods face a fundamen-
tal tension: vision-centric approaches are sus-
ceptible to the attention sink phenomenon and
operate in a query-agnostic manner, whereas
text-guided methods often create an overly nar-
row focus, discarding essential background con-
text and failing on ambiguous queries. In this
paper, we propose CrisPrune, a training-free
and model-agnostic method that reconciles effi-
ciency with understanding by integrating visual
saliency and text relevance. Specifically, we
introduce intrinsic visual saliency with robust
normalization to identify information-rich re-
gions characterized by significant visual fea-
tures. Simultaneously, we design dual-source
text relevance to synergize explicit instruction
alignment with implicit scene priors. Finally,
we reformulate the selection process using a
Determinantal Point Process (DPP) to balance
token quality and spatial diversity. Extensive
experiments demonstrate that CrisPrune signif-
icantly outperforms state-of-the-art methods.
On LLaVA-NeXT, it achieves a 13× decrease
in FLOPs while maintaining 97% of the orig-
inal performance with 94.4% of visual tokens
pruned, effectively bridging the gap between
efficiency and holistic understanding.

1 Introduction

Large Language Models (LLMs)(Achiam et al.,
2023; Touvron et al., 2023; Bai et al., 2023a) have
achieved remarkable success. Leveraging their
powerful reasoning capabilities, MLLMs(Bai et al.,
2023b; Team et al., 2023; Liu et al., 2023; Chen
et al., 2024b) extend this intelligence to diverse
modalities. To process visual inputs, MLLMs typ-
ically encode images into sequences of tokens,
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What brand of golden ale is this? It is Peter’s.

It is Peter’s. It is St peter’s.

DivPrune CDPruner CrisPrune

Figure 1: Comparison between baselines and
CrisPrune. In this example, CrisPrune successfully
preserves tokens related to crucial details such as the
"St. Peter’s" logo, ensuring the integrity of the visual
context for reasoning.

analogous to textual inputs. For demanding tasks
such as complex visual question answering(Hudson
and Manning, 2019), and fine-grained recogni-
tion(Horn et al., 2018), high-resolution inputs are
essential to capture intricate image details, leading
to thousands of visual tokens per image. How-
ever, the computational complexity of the atten-
tion mechanism scales quadratically with sequence
length. This inefficiency imposes significant barri-
ers to deploying high-resolution models(Liu et al.,
2024b) and video-based models(Lin et al., 2023)
in resource-constrained environments.

Many efforts have been made to reduce the
inference cost of MLLMs by pruning visual to-
kens, and existing pruning strategies fall into two
main paradigms. Vision-centric methods estimate
importance via raw attention scores from the vi-
sion encoder(Yang et al., 2025; Liu et al., 2025).
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All objects in the image.All objects in the image.

Salient regions in the image. Salient regions in the image.

Figure 2: Visualization of General Semantic Priors.
We compute the relevance scores using general prompts
such as “All objects in the image” and “Salient regions
in the image.” Red indicates high relevance, while blue
indicates low relevance.

However, they suffer from the attention sink phe-
nomenon, and they operate in a query-agnostic
manner. While text-interaction methods(Zhang
et al., 2024; Han et al., 2025) estimate importance
by incorporating semantic guidance. Early ap-
proaches like FastV(Chen et al., 2024a) leverage
cross-attention within the LLM. However, they in-
cur computational overhead and suffer from atten-
tion shift(Zhang et al., 2025a), where text tokens
disproportionately attend to visual tokens that are
physically closer in the sequence rather than seman-
tically relevant. Recent text-guided approaches,
such as CDPruner(Zhang et al., 2025b), calculate
importance based on alignment with the input in-
struction. Yet, this reliance on the current instruc-
tion risks discarding essential implicit context and
fails to handle generic queries. As illustrated in Fig-
ure 1, CDPruner fails to capture the prefix "St" lead-
ing to an incomplete answer. This reveals a critical
gap: how to prune redundancy without sacrificing
the holistic visual context required for reasoning?

To bridge this gap, we propose CrisPrune, a
plug-and-play visual token pruning method that
preserves holistic visual integrity by integrating
intrinsic visual saliency and dual-source text rele-
vance. Specifically, we first fully leverage intrinsic
visual saliency to identify informative regions inde-
pendent of textual queries. By employing a robust

quantile-based normalization strategy, our method
effectively retains fine-grained details while miti-
gating the interference of attention sinks. Simul-
taneously, drawing inspiration from the cognitive
hierarchy in Scene Gist theory (Oliva and Torralba,
2001), we model dual-source text relevance by syn-
ergizing explicit instruction alignment with general
semantic priors. As illustrated in Figure 2, these
priors act as a global scanner, effectively activating
background structures that might be overlooked by
specific instructions. This dual-branch mechanism
ensures the model remains responsive to user intent
while explicitly retaining the essential environmen-
tal context, even when implicit in the query. Finally,
inspired by CDPruner (Zhang et al., 2025b), we use
a Determinantal Point Process (DPP) (Macchi,
1975) to obtain the retained tokens. This mathemat-
ical framework maximizes conditional diversity,
selecting a compact subset that best represents the
full visual distribution.

We evaluate our proposed approach on popular
MLLMs across diverse benchmarks. Experimental
results demonstrate that CrisPrune significantly out-
performs existing state-of-the-art methods. For in-
stance, on LLaVA-1.5-7B, our method retains 95%
of the original performance averaged over 9 tasks
while discarding 94.4% of the visual tokens. Fur-
thermore, for models with longer visual sequences
such as LLaVA-NeXT, we achieve an 11× reduc-
tion in prefilling latency, a 2.5× speedup in total in-
ference time, and a 13× decrease in FLOPs, while
retaining 97% of the original performance.

2 Related Works

2.1 Multimodal Large Language Models

Inspired by the immense success of LLMs(Achiam
et al., 2023; Touvron et al., 2023) in natural lan-
guage processing tasks, Multimodal Large Lan-
guage Models (MLLMs)(Bai et al., 2023b; Li et al.,
2023a; Liu et al., 2024a; Chen et al., 2024b) have
emerged. Current mainstream MLLMs typically
adopt a modular architecture, comprising three core
components: a vision encoder(Zhai et al., 2023;
Radford et al., 2021) that transforms visual signals
into a sequence of digitized visual tokens; an LLM
serving as the cognitive core, processing sequen-
tial information and generating responses; and a
modality alignment module that bridges the gap by
converting visual information into a format com-
prehensible to the LLM.

Driven by increasingly complex visual tasks
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Figure 3: The framework of CrisPrune. Our method computes token quality scores by integrating intrinsic
visual saliency and dual-source text relevance. Based on the unified quality scores, we utilize a DPP to select a
representative and diverse subset of visual tokens for efficient inference.

and demands for higher precision, contemporary
MLLMs continually enhance input image resolu-
tions. This strategy enables models to capture finer
visual details, leading to superior reasoning capabil-
ities in cutting-edge models like LLaVA-NeXT(Liu
et al., 2024b), Qwen2.5VL(Bai et al., 2025), and
InternVL3(Zhu et al., 2025), which have achieved
state-of-the-art performance. However, this strat-
egy inherently results in a significant increase in the
number of visual tokens, directly causing a drastic
escalation in computational costs.

2.2 Token Reduction for MLLMs

To mitigate the high computational burden of
MLLMs, a series of visual token reduction tech-
niques have been proposed to accelerate inference.
Several approaches exploit intrinsic visual proper-
ties for pruning. For instance, DART(Wen et al.,
2025) identifies redundancy by removing tokens
highly similar to a few pivot tokens, while Di-
vPrune(Alvar et al., 2025) formulates the task as
a Max-Min problem to maximize subset diver-
sity. Hybrid strategies like VisPruner(Zhang et al.,
2025a) and VisionZip(Yang et al., 2025) combine
attention-based importance with similarity-based
diversity, whereas HiPrune(Liu et al., 2025) op-
erates via hierarchical visual attention. However,
these query-agnostic methods ignore user instruc-
tions and remain susceptible to attention sinks.

Alternatively, other research incorporates textual
information to guide the process. Early works pri-
marily leverage attention scores within the LLM,
such as FastV(Chen et al., 2024a) which discards

tokens with low cross-attention, and VTW(Lin
et al., 2025) which removes all visual tokens af-
ter a specific depth. Meanwhile, architectures
like LLaMA-VID(Li et al., 2024) and LLaVA-
MINI(Zhang et al., 2025c) reduce token counts
by fusing multimodal information outside the back-
bone. More recently, approaches have focused on
explicitly utilizing the correlation between visual
and textual features. For example, AdaFV(Han
et al., 2025) proposes an adaptive cross-modal at-
tention blending mechanism, CATP(Li et al., 2025)
implements a two-stage pruning process, Grid-
Prune(Duan et al., 2025) introduces a zonal se-
lection strategy utilizing text-conditional relevance
and intrinsic visual saliency for spatial budget al-
location, and CDPruner(Zhang et al., 2025b) em-
ploys a DPP conditioned on text relevance. Despite
advancements, strategies relying on LLM attention
suffer from positional bias, making it difficult to
stably identify key information. Furthermore, rely-
ing exclusively on text relevance often leads to an
overly narrow focus, resulting in the loss of intrin-
sic visual details and essential background context.

3 Method

3.1 Preliminaries

Multimodal Large Language Model Architec-
ture. MLLMs generally consist of three compo-
nents: a Vision Encoder Φv, a Modality Projec-
tor ϕ, and an LLM Φllm. Given an input image
I, the encoder extracts a sequence of visual to-
kens X ∈ RN×C , where N is the sequence length.

13548



Figure 4: Visualization of the attention sink phe-
nomenon. Raw attention maps show that outlier tokens
(yellow) dominate the distribution, suppressing informa-
tive details (dark purple). This disparity highlights the
necessity of our robust quantile-based normalization.

These tokens are projected into the embedding
space by ϕ and processed by the LLM alongside
text instructions to generate the response.
Visual Token Pruning. The large number of vi-
sual tokens N constitutes the primary bottleneck
for inference. We aim to select a representative
subset of indices J ⊂ {1, . . . , N} subject to a bud-
get constraint |J | = K (where K ≪ N ). Let
XJ denote the retained tokens. The optimization
objective is to minimize the discrepancy between
the model outputs generated by the full and pruned
visual sequences:

min
J

DKL (Φllm(ϕ(X)) ∥ Φllm(ϕ(XJ ))) , (1)

where DKL denotes the Kullback-Leibler diver-
gence, measuring the information loss in the output
probability distribution caused by pruning.

3.2 Intrinsic Visual Saliency

We leverage the self-attention maps from the vision
encoder to derive an intrinsic saliency score. We
define the raw saliency vector a ∈ RN based on
the specific architecture of the vision encoder. For
models equipped with a [CLS] token, we define a
by extracting the attention weights that the [CLS]
token assigns to each visual patch. Conversely, for
models without a [CLS] token, we calculate ai by
averaging the attention weights received by the i-th
token from all other tokens in the sequence. In both
scenarios, the scalar ai serves as a proxy for the
global importance of the i-th visual token.

A direct application of min-max normalization
to a is suboptimal due to the attention sink phe-
nomenon (Zhang et al., 2025a) in Vision Trans-
formers. As illustrated in Figure 4, a few spe-
cific outlier tokens accumulate disproportionately
high attention weights, stretching the normalization

scale and suppressing the majority of informative
tokens to near-zero values.

To address this, we propose a Robust Min-Max
Normalization strategy. We replace the absolute
maximum with a upper bound vhigh determined
by a specific high quantile of the score distribution
(e.g., the 98-th percentile τ = 0.98). The final
intrinsic visual saliency score svisi is calculated as:

svisi =
min(ai, vhigh)−min(a)

vhigh −min(a) + ϵ
, (2)

where min(a) denotes the minimum scalar value
in vector a, and ϵ = 10−6 is a small constant added
for numerical stability.

3.3 Dual-Source Text Relevance
To align the selected visual tokens with user in-
tent, we quantify the semantic relevance between
each token and the instruction. The extraction of
aligned features depends on the architecture: for
models with paired encoders (e.g., CLIP(Radford
et al., 2021)), we employ the native text encoder;
for models utilizing only a vision encoder, we take
the multimodal projector’s output as the visual em-
bedding and the average of the instruction’s LLM
token embeddings as the text representation.

Let tinst denote the resulting text embedding and
hi = ϕ(xi) denote the projected visual embedding
for the i-th token. We compute the instruction-
specific relevance score rinsti via cosine similarity:

rinsti = sim(hi, tinst) =
hi · tinst

∥hi∥∥tinst∥
. (3)

However, relying exclusively on specific instruc-
tions risks creating an overly narrow focus. This
can cause the model to discard vital environmental
context or salient entities not mentioned, particu-
larly when user queries are vague (e.g., “Describe
this image”) or rely on implicit background knowl-
edge. To mitigate this, we propose a General Se-
mantic Prior to capture broad scene information.
Motivated by the multiple semantic levels of visual
context(Oliva and Torralba, 2001), we construct
a set of generic prompts Tgen comprising “All ob-
jects”, “Salient regions”, and “Visible text and num-
bers” to cover different dimensions. These prompts
are encoded using the same strategy as the instruc-
tion, and we calculate the similarity between each
visual token hi and these generic anchors. The gen-
eral relevance is defined as the maximum similarity
across these anchors:

rgeni = max
t∈Tgen

(
sim(hi, t)

)
. (4)
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Method MME TextVQA SQA MM-Vet MMB-CN GQA VQAv2 MMBench POPE Avg. Rel (%)

Vanilla, 576 Tokens (100%)

LLaVA-1.5-7B 1506.5 58.2 69.5 31.3 58.1 61.9 78.5 64.7 85.9 100.0%

Retain 128 Tokens (↓ 77.8%)

FastV(ECCV24) 1368.9 56.4 69.2 27.0 55.9 54.0 71.0 63.0 68.2 92.8%
SparseVLM(ICML25) 1399.3 56.3 69.0 29.7 56.9 57.3 75.1 62.6 83.1 96.3%
PruMerge+(2024.05) 1408.1 54.0 69.1 30.4 55.8 58.2 75.0 61.8 83.1 96.8%
DART(EMNLP25) 1408.7 56.3 69.1 30.9 57.3 57.9 74.7 60.7 80.4 96.9%
DivPrune(CVPR25) 1405.1 55.9 68.6 30.6 54.8 59.4 76.0 61.5 87.0 97.5%
VisionZip(CVPR25) 1436.9 56.9 68.7 31.6 57.0 57.6 75.6 62.1 83.3 97.6%
GridPrune(2025.11) 1423.9 54.9 68.5 32.4 - 59.6 76.2 62.4 86.2 97.6%
CDPruner(NeurIPS25) 1431.4 56.2 69.0 32.8 55.0 59.9 76.6 63.1 87.7 98.2%
CrisPrune 1454.7 57.1 69.4 34.0 56.7 60.0 76.9 63.0 87.5 99.4%

Retain 64 Tokens (↓ 88.9%)

FastV(ECCV24) 973.5 51.6 70.1 18.9 42.1 46.0 55.9 50.1 35.5 74.9%
SparseVLM(ICML25) 1190.4 52.1 69.2 24.4 49.6 52.0 66.9 58.3 69.7 87.1%
PruMerge+(2024.05) 1316.8 52.0 69.5 28.0 52.1 55.4 71.3 59.6 75.7 92.4%
DART(EMNLP25) 1365.1 54.7 69.3 26.5 54.0 54.7 71.3 59.5 73.8 92.6%
VisionZip(CVPR25) 1365.2 55.5 69.0 29.4 55.4 55.1 72.4 60.1 77.0 94.4%
DivPrune(CVPR25) 1334.7 54.5 68.0 28.1 52.3 57.5 74.1 60.1 85.5 94.7%
GridPrune(2025.11) 1399.2 54.3 68.2 29.3 - 58.7 75.3 62.3 85.8 95.6%
CDPruner(NeurIPS25) 1415.1 55.3 68.1 30.5 53.2 58.6 75.4 61.1 87.5 95.9%
CrisPrune 1423.8 56.5 68.4 32.1 56.0 58.9 75.7 61.9 87.5 97.6%

Retain 32 Tokens (↓ 94.4%)

PruMerge+(2024.05) 1236.6 49.2 67.9 24.7 45.9 52.9 65.6 55.1 66.7 86.1%
VisionZip(CVPR25) 1251.2 53.1 69.1 25.3 50.3 51.8 67.1 57.0 69.4 88.4%
DART(EMNLP25) 1273.3 52.2 69.3 25.0 50.0 52.9 67.1 58.5 69.1 88.6%
DivPrune(CVPR25) 1284.9 52.9 68.6 26.3 49.1 54.9 71.2 57.6 81.5 91.3%
CDPruner(NeurIPS25) 1373.0 53.2 69.5 27.8 49.6 57.0 73.6 59.6 87.9 93.0%
CrisPrune 1398.5 55.0 69.3 30.7 54.0 57.2 74.1 59.7 87.6 95.5%

Table 1: Performance comparison of CrisPrune on LLaVA-1.5-7B against different pruning methods across
different retention ratios. The vanilla number of visual tokens is 576. The final column (Avg. Rel) shows the
average performance relative to the original model.

Finally, we fuse these two sources, employing a
decay factor λ ∈ [0, 1] to balance task-specific
focus with broad context preservation:

ssemi = max(rinsti , λ · rgeni ). (5)

3.4 Quality-Weighted Determinantal Point
Process

We synthesize the computed robust visual saliency
svisi and dual-source semantic relevance ssemi into
a unified quality vector q ∈ RN . Each element qi
reflects the comprehensive importance of the i-th
token, derived via a combination controlled by a
balance factor α ∈ [0, 1]:

qi = α · ssemi + (1− α) · svisi . (6)

While qi captures individual importance, direct
top-k selection often yields spatially redundant
tokens. To effectively mitigate this redundancy
and ensure coverage diversity, we model the sub-
set selection using a Determinantal Point Process.

Let S ∈ RN×N denote the base similarity matrix,
where Sij = sim(hi,hj) represents the cosine sim-
ilarity between visual features.

Following (Zhang et al., 2025b), we modulate
this base kernel with the quality scores to obtain a
conditional kernel matrix L:

L = diag(q) · S · diag(q). (7)

The objective of finding the optimal subset S is
equivalent to maximizing the log-determinant of
the principal submatrix LS . This formulation ex-
plicitly decomposes the objective into quality and
diversity terms:

log det(LS) =
∑

i∈S
log(q2i ) + log det(SS). (8)

The first term,
∑

log(q2i ), encourages the selec-
tion of tokens with high intrinsic quality, while the
second term, log det(SS), maximizes the feature
diversity within the subset. Since finding the subset
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Method GQA TextVQA POPE MMB-CN VQAv2 Rel

Vanilla, 2880 Tokens (100%)

LLaVA-NeXT-7B 62.5 60.3 86.8 57.3 81.3 100.0%

Retain 640 Tokens(↓ 77.8%)

FastV(ECCV24) 58.9 58.1 79.5 53.5 77.0 94.1%
PruMerge+(2024.05) 60.8 54.9 85.3 57.3 78.2 96.6%
TRIM(COLING25) 62.1 54.8 86.9 55.8 78.3 97.0%
DART(EMNLP25) 61.3 59.5 85.0 57.1 78.3 98.1%
SparseVLM(ICML25) 61.2 59.7 85.3 58.6 79.2 99.0%
VisionZip(CVPR25) 61.2 59.9 86.0 58.1 79.1 99.0%
CDPruner(NeurIPS25) 62.6 58.4 87.3 57.5 79.9 99.2%
CrisPrune 62.7 60.1 87.2 58.3 80.1 100.1%

Retain 320 Tokens(↓ 88.9%)

FastV(ECCV24) 49.8 52.2 49.5 42.5 61.5 74.6%
TRIM(COLING25) 59.9 50.2 86.5 51.0 74.9 92.6%
PruMerge+(2024.05) 58.8 54.0 79.5 55.6 75.3 92.8%
SparseVLM(ICML25) 57.9 56.5 76.9 56.7 74.6 93.1%
DART(EMNLP25) 59.5 57.6 81.0 55.7 75.7 94.9%
VisionZip(CVPR25) 58.9 58.8 82.3 55.6 76.2 95.5%
CDPruner(NeurIPS25) 61.6 57.4 87.2 55.7 78.4 97.6%
CrisPrune 61.5 58.6 87.3 57.2 78.6 98.5%

Retain 160 Tokens(↓ 94.4%)

PruMerge+(2024.05) 56.2 50.3 71.1 48.9 70.5 85.3%
TRIM(COLING25) 57.4 45.8 84.8 45.2 71.0 87.4%
VisionZip(CVPR25) 55.2 55.0 74.9 50.4 71.4 88.3%
DART(EMNLP25) 56.8 54.9 75.3 53.6 72.5 90.3%
CDPruner(NeurIPS25) 60.8 55.4 86.8 53.8 76.7 95.5%
CrisPrune 61.1 57.7 86.7 56.3 77.2 97.3%

Table 2: Performance comparison of different prun-
ing methods on LLaVA-NeXT-7B. The vanilla number
of visual tokens is 2880. Rel represents the average per-
centage of performance maintained at the corresponding
token retention level.

that maximizes this objective is NP-hard, we em-
ploy the fast greedy algorithm based on Cholesky
factorization (Chen et al., 2018). This approach it-
eratively selects tokens that maximize the marginal
gain in log-determinant, ensuring high efficiency
during inference.

4 Experiment

This section presents a comprehensive evaluation
of CrisPrune across a wide range of MLLMs and
diverse benchmarks. We benchmark our method
against leading state-of-the-art methods, conduct
rigorous ablation studies to justify our design deci-
sions, and offer a detailed examination of computa-
tional efficiency.

4.1 Results on Image Understanding

Datasets and model architectures. We conduct
our evaluation on 9 widely-used benchmarks, en-
compassing conventional Visual Question Answer-
ing (VQA) datasets such as VQAv2(Goyal et al.,
2017), GQA(Hudson and Manning, 2019), Sci-
enceQA(Lu et al., 2022), and TextVQA(Singh
et al., 2019), as well as other prominent multimodal

Method GQA MME POPE MMB-CN MMB Rel

Vanilla, Retain 100% Tokens

Qwen2.5-VL-7B 60.5 2331 86.2 80.1 83.2 100.0%

Retain 33.3% Tokens

HiPrune(AAAI26) 58.9 2303 85.1 79.5 82.6 98.7%
CrisPrune 59.5 2293 85.4 80.5 82.1 99.0%

Retain 22.2% Tokens

HiPrune(AAAI26) 57.1 2189 84.0 77.6 80.3 95.8%
CrisPrune 57.8 2243 84.0 78.4 80.9 96.9%

Retain 11.1% Tokens

HiPrune(AAAI26) 52.5 2000 79.8 73.7 76.1 89.7%
CrisPrune 54.5 2065 80.7 74.6 76.9 91.6%

Table 3: Performance comparisons on Qwen2.5-VL-
7B-Instruct. Rel represents the average percentage
of performance maintained at the corresponding token
retention level.

benchmarks including POPE(Li et al., 2023b),
MME(Chaoyou et al., 2023), MMBench(Liu et al.,
2024c), MMBench-CN(Liu et al., 2024c), and
MMVet(Yu et al., 2023). We apply our method
to a variety of MLLM architectures, including
LLaVA-1.5(Liu et al., 2024a), LLaVA-NeXT(Liu
et al., 2024b) and other prevalent models such as
Qwen2.5-VL(Bai et al., 2025). Further details are
provided in the Appendix B.
Results on LLaVA-1.5. As presented in Table 1,
we apply our proposed method to LLaVA-1.5 to
demonstrate its performance on image understand-
ing tasks. For a comprehensive comparison, we
report performance as a relative percentage, where
the accuracy of the original, unpruned model serves
as the 100% upper bound. Following the prior
work(Zhang et al., 2025a), we evaluate the efficacy
of CrisPrune under three visual token budgets (128,
64, and 32).

When the number of visual tokens is reduced
from 576 to 128, CrisPrune maintains 99.4% of
the original average accuracy without requiring any
additional training, outperforming VisionZip and
DivPrune by 1.8% and 1.9%. When the number
of visual tokens further decreases to 64, CrisPrune
only decreases the original performance by 2.4%.
Moreover, when pruned aggressively to only 32
tokens, our method surpasses VisionZip and CD-
Pruner by even more significant margins of 7.1%
and 2.5% in average accuracy.
Results on LLaVA-NeXT. While utilizing higher-
resolution inputs significantly enhances MLLM
performance across various tasks, it inevitably
leads to a substantial increase in visual tokens,
thereby exacerbating computational overhead. To
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Method TGIF-QA MSVD-QA MSRVTT-QA Average

Acc. Score Acc. Score Acc. Score Acc. Score

Vanilla, 2048 Tokens (100%)

Video-LLaVA 18.9 2.53 71.7 3.95 57.5 3.50 49.4 3.33

Retain 455 Tokens(↓ 77.8%)

FastV(ECCV24) 19.2 2.50 69.1 3.91 54.4 3.42 47.6 3.28
VisPruner(CVPR25) 18.0 2.49 70.2 3.95 56.7 3.50 48.3 3.31
CrisPrune 16.9 2.46 71.1 3.98 57.2 3.51 48.4 3.32

Retain 227 Tokens(↓ 88.9%)

FastV(ECCV24) 14.3 2.42 68.9 3.90 53.0 3.40 45.4 3.24
VisPruner(CVPR25) 15.9 2.41 69.3 3.92 55.6 3.45 46.9 3.26
CrisPrune 15.5 2.43 70.4 3.93 56.3 3.45 47.4 3.27

Retain 114 Tokens(↓ 94.4%)

FastV(ECCV24) 10.6 2.29 64.1 3.78 52.4 3.39 42.4 3.15
VisPruner(CVPR25) 14.1 2.35 65.4 3.79 54.1 3.41 44.5 3.18
CrisPrune 14.7 2.40 69.8 3.91 55.0 3.42 46.5 3.24

Table 4: Performance comparison of different prun-
ing methods on Video-LLaVA-7B. Performance was
assessed using the initial 1,000 samples from each
benchmark, with gpt-3.5-turbo employed for scoring.

validate the efficacy of CrisPrune in this context,
we apply it to LLaVA-NeXT, a model designed for
high-resolution inputs capable of processing up to
2,880 visual tokens. We evaluate our method under
three token budgets (640, 320, and 160).

As detailed in Table 2, CrisPrune demonstrates
superior performance across all three settings.
Even with 77.8% of tokens pruned, CrisPrune main-
tains performance comparable to, or even slightly
exceeding, that of the original LLaVA-NeXT. No-
tably, with only 320 tokens retained, our method
preserves 98.5% of the original average accuracy,
outperforming VisionZip by 3.0%. Furthermore,
even under the aggressive pruning setting of 160
tokens, CrisPrune sustains a robust 97.3% average
accuracy, surpassing VisionZip and CDPruner by
significant margins of 9.0% and 1.8%, respectively.
These results underscore the robustness and effec-
tiveness of CrisPrune in high-resolution scenarios.
The results for LLaVA models at different scales
can be found in the Appendix C.1.
Results on Qwen2.5-VL. To validate the versatility
of CrisPrune, we integrated it into the advanced
open-source Qwen2.5-VL architecture. This is a
crucial test, as many competing approaches that
rely on specific components like a CLIP(Radford
et al., 2021) text encoder or special tokens are often
incompatible with such models. Since Qwen2.5-
VL generates variable token lengths due to dynamic
resolution, we follow the protocol of HiPrune (Liu
et al., 2025) and adopt percentage-based retention
ratios (i.e., 33.3%, 22.2%, and 11.1%).

Method Token Storage
(MB)

GPU Memory
(GB)

CUDA Time
(ms)

LLaVA-NeXT-7B 2880 1440 17.0 313

FastV(ECCV24) 640 380 16.9 148
CrisPrune 640 351 15.6 145

Table 5: Resource efficiency analysis with LLaVA-
NeXT-7B on POPE. We report the number of visual
tokens, storage size, peak GPU memory usage, and
single-pass CUDA time.

Method Token FLOPS
↓

Total
Time ↓ ∆

Prefilling
Time ↓ ∆

LLaVA-NeXT-7B 2880 43.6T 2293s — 218ms —

FastV(ECCV24) 160 6.3T 1792s 1.3× 119ms 1.8×
CrisPrune 160 3.3T 933s 2.5× 20.0ms 10.9×

Table 6: Comparison of inference speed and com-
putational cost on LLaVA-NeXT-7B. We report total
FLOPS, total generation time, and prefilling time. The
speed-up ratio (∆) is calculated against the baseline.

As illustrated in Table 3, CrisPrune achieves su-
perior performance over HiPrune across all tested
pruning ratios. Our method maintains 99.0% of the
vanilla model’s capabilities when pruning 66.7% of
the tokens. Furthermore, at the extreme pruning ra-
tio where only 11.1% of tokens are kept, CrisPrune
still achieves a 91.6% relative score, demonstrating
its strong adaptability and effectiveness on dynamic
resolution models like Qwen2.5-VL. The results
for Qwen2.5-VL-3B-Instruct can be found in the
Appendix C.2.

4.2 Results on Video Understanding

Datasets and Model architectures. We evaluate
our proposed method on three widely-used video
question answering benchmarks: TGIF-QA(Jang
et al., 2017), MSVD-QA(Xu et al., 2017), and
MSRVTT-QA(Xu et al., 2017). Our approach is ap-
plied to the Video-LLaVA(Lin et al., 2023) model.
Following prior works(Lin et al., 2023; Maaz et al.,
2023), we employ a GPT-assisted evaluation pro-
tocol where scores assigned by ChatGPT serve as
the primary performance metric.
Results on Video-LLaVA. Due to the commercial
API usage limits, we follow(Chen et al., 2024a;
Zhang et al., 2025a) to use the first 1K samples
from each benchmark in our experiments. As
shown in Table 4, at a moderate compression level
(retaining 455 tokens), our method achieves an av-
erage accuracy of 48.4% and a GPT score of 3.32,
effectively retaining 98.0% of the original perfor-
mance while reducing the visual context by nearly
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Figure 5: Ablation study of CrisPrune components. We evaluate the performance of different pruning strategies
on LLaVA-1.5-7B. TextPrune refers to a variant that relies solely on dual-source text relevance; VisionZip represents
pruning based exclusively on visual attention; and DivPrune utilizes Max-Min distance for diversity selection.

80%. The superiority of CrisPrune becomes most
pronounced under extreme compression (retaining
only 114 tokens). While competing methods suf-
fer significant degradation, with FastV dropping to
85.8% and VisPruner to 90.1%, CrisPrune sustains
a remarkable 94.1% relative performance.

4.3 Efficiency Analysis

To assess computational efficiency of our pro-
posed method, we analyze metrics including to-
tal inference time, pre-filling time, FLOPS, cache
storage, GPU memory, and CUDA latency. Ex-
periments were conducted on LLaVA-NeXT-7B
against FastV (Chen et al., 2024a) using the POPE
on a single NVIDIA A100 GPU.

As detailed in Table 5, retaining 640 tokens
yields a 2.2× reduction in CUDA latency with
lower cache and GPU memory consumption com-
pared to FastV. Furthermore, Table 6 highlights
substantial efficiency gains: our method reduces
FLOPS by a factor of 13, lowers total inference
time by 2.5×, and reduces pre-filling time by
10.9×. Crucially, CrisPrune performs pruning en-
tirely before the LLM, enabling full compatibility
with optimized attention mechanisms like FlashAt-
tention(Dao et al., 2022). This offers a distinct
advantage over methods dependent on internal text-
vision attention scores, which are often incompati-
ble with such frameworks.

4.4 Ablation Study

We further conduct an ablation study to inves-
tigate the contribution of each component in
CrisPrune, as illustrated in Figure 5. We eval-
uate the performance on LLaVA-1.5-7B across
four benchmarks under varying visual token bud-
gets. Here, TextPrune serves as a visually-
degraded variant of CrisPrune, which determines
token quality solely based on dual-source text
relevance. VisionZip(Yang et al., 2025) repre-

sents a vision-only baseline relying on attention
scores, and DivPrune(Alvar et al., 2025) focuses
purely on diversity via Max-Min Diversity Problem
(MMDP)(Resende et al., 2010).

The results reveal several critical insights. First,
DivPrune consistently yields the lowest perfor-
mance, indicating that pursuing diversity without a
robust quality metric introduces noise and degrades
reasoning. Second, TextPrune generally outper-
forms VisionZip, particularly on text-oriented tasks
like TextVQA. This suggests that our dual-source
text relevance provides more precise guidance for
token selection than query-agnostic visual atten-
tion. Most importantly, CrisPrune achieves the best
performance across the majority of settings. By
reintegrating Intrinsic Visual Saliency with text rel-
evance, CrisPrune recovers structural details that
might be overlooked by text alignment alone. This
validates the effectiveness of our joint modeling
approach, where visual saliency and text relevance
complement each other to identify the most infor-
mative subset via DPP. More ablation studies on
hyperparameter sensitivity and prompts setting can
be found in the Appendix C.3.

5 Conclusion

In this paper, we introduced CrisPrune, a plug-and-
play visual token pruning framework. By integrat-
ing intrinsic visual saliency with dual-source text
relevance, our approach robustly preserves holistic
visual integrity while mitigating attention sinks and
preserving essential background context. Further-
more, we reformulated the selection process using
a determinantal point process to maximize condi-
tional diversity, effectively eliminating spatial re-
dundancy. Extensive experiments demonstrate that
CrisPrune significantly outperforms state-of-the-art
methods. We believe this work provides a robust
and efficient solution for deploying high-resolution
MLLMs in resource-constrained environments.
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6 Limitations

While CrisPrune demonstrates superior perfor-
mance and robustness, several limitations remain.
First, although we employ a fast greedy algorithm,
the DPP still introduces a computational overhead
for kernel construction and selection. Second,
while our general semantic priors prove effective
across diverse tasks, the current prompt set is man-
ually curated. Exploring automated prompt gener-
ation or learning task-specific priors could further
enhance adaptability. Finally, the introduction of
hyperparameters λ and α requires careful tuning
to balance visual and textual guidance. Adaptive
mechanisms to dynamically adjust these parame-
ters would be a valuable direction for future work.

7 Ethical Considerations

We strictly adhere to the ethical guidelines of the
research community. In this work, all experiments
are conducted exclusively using publicly available
datasets and open-source models, ensuring the
transparency and reproducibility of our findings.
We have not collected any new data involving hu-
man subjects or personally identifiable information.
Furthermore, our proposed method, CrisPrune, fo-
cuses on the efficiency of visual token processing
and does not modify the underlying safety align-
ment of the original MLLMs.
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Algorithm 1 Pseudocode for CrisPrune

# Inputs: Visual tokens X, Attention A
Instruction T, General Prompts P

# Robust Min -Max Normalization
function Norm(v):

return (v - v.min()) / (v.max() -
v.min() + ϵ)

# 1. Robust Intrinsic Visual Saliency
attn = A.mean(dim=0)
v_min , v_rob = attn.min(), Quantile(

attn , 0.98)
s_vis = Clamp((attn - v_min) / (v_rob

- v_min), 0, 1)

# 2. Dual -Source Semantic Relevance
r_inst = Norm(CosineSim(X, T))
r_gen = Norm(CosineSim(X, Encode(P)).

max(dim=-1))
s_sem = Max(r_inst , λ * r_gen)

# 3. Quality Kernel Construction
q = α * s_sem + (1 - α) * s_vis
Sim = MatMul(X, X.T)
# Decompose kernel: L_ij = q_i *

Sim_ij * q_j
L = Outer(q, q) * Sim

# 4. Fast Greedy MAP Inference
S = []
d_sq = L.diagonal ().clone()
for i = 1 to K:

j = argmax(d_sq)
S.append(j)
UpdateCholeskyFactors(L, S, d_sq)
d_sq[j] = -∞

return X[S]

A Pseudo-code for CrisPrune

In Algorithm 1, we provide a pseudo-code for
CrisPrune written in PyTorch style to better ex-
plain our method. This example is adapted from
LLaVA series.

B Experiment Detail

B.1 Model Architectures

We apply our method to a variety of MLLM
architectures, including LLaVA-1.5(Liu et al.,
2024a), LLaVA-NeXT(Liu et al., 2024b), Video-
LLaVA(Lin et al., 2023), and Qwen2.5-VL(Bai
et al., 2025).
LLaVA-1.5. LLaVA stands as a foundational
paradigm for open-source vision-language models,
known for its efficient architecture and robust per-
formance. It integrates a pre-trained CLIP(Radford
et al., 2021) vision encoder with a Vicuna(Zheng
et al., 2023) LLM to handle multimodal genera-

tion. A key upgrade of LLaVA-1.5 from the origi-
nal LLaVA is the replacement of the linear projec-
tion layer with a two-layer MLP, which, combined
with increased input resolution and a broadened
instruction-tuning dataset, yields significant perfor-
mance gains.
LLaVA-NeXT. Building upon LLaVA-1.5,
LLaVA-NeXT (also known as LLaVA-1.6)
introduces critical architectural enhancements
to overcome resolution bottlenecks. Its primary
advancement is the support for dynamic high-
resolution imagery, enabling the processing of
visual inputs at multiple scales—up to 4x the
resolution of its predecessor. This "AnyRes"
capability, coupled with a high-quality visual in-
struction dataset, results in marked improvements
in fine-grained recognition and logical reasoning.
Video-LLaVA. Video-LLaVA challenges the con-
ventional separation of image and video encoders
by proposing a unified visual representation. Its
core contribution lies in unifying the tokenization
process, projecting visual inputs into a shared se-
mantic space compatible with the LLM. By train-
ing on a combined corpus of images and videos,
Video-LLaVA aligns feature spaces effectively, fos-
tering a synergistic learning process that enhances
performance across both modalities.
Qwen2.5-VL. Qwen2.5-VL is a state-of-the-art
model featuring a native dynamic-resolution Vision
Transformer (ViT)(Dosovitskiy, 2020) and abso-
lute time embeddings. It adopts a modernized ViT
architecture with window attention, SwiGLU acti-
vation, and RMSNorm, aligned with the Qwen2.5
LLM. This design allows for the processing of
variable-sized images and long-duration videos
at their native scale. Consequently, Qwen2.5-
VL demonstrates exceptional capabilities in fine-
grained visual grounding, document parsing, and
long-context video comprehension.

B.2 Comparison methods

We benchmark our method against a com-
prehensive set of state-of-the-art baselines, in-
cluding FastV(Chen et al., 2024a), Sparse-
VLM(Zhang et al., 2024), TRIM(Song et al.,
2025), PruMerge+(Shang et al., 2025), DART(Wen
et al., 2025), VisionZip(Yang et al., 2025), Di-
vPrune(Alvar et al., 2025), GridPrune(Duan et al.,
2025), CDPruner(Zhang et al., 2025b), Vis-
Pruner(Zhang et al., 2025a), and HiPrune(Liu et al.,
2025).
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Method MME TextVQA SQA MMB-CN GQA MMBench POPE VQAv2 MM-Vet Avg. Rel (%)

Vanilla, 576 Tokens (100%)

LLaVA-1.5-13B
1531.2 61.2 72.8 63.5 63.3 68.5 86.0 80.0 36.2

100.0%
100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0%

LLaVA-1.5-7B
1506.5 58.2 69.5 58.1 61.9 64.7 85.9 78.5 31.3

95.3%
98.4% 95.1% 95.5% 91.5% 97.8% 94.5% 99.9% 98.1% 86.5%

Retain 128 Tokens (↓ 77.8%)

CrisPrune
1475.4 58.8 73.0 61.8 59.8 68.0 86.9 78.0 37.7 98.5%
96.4% 96.1% 100.3% 97.3% 94.5% 99.3% 101.0% 97.5% 104.1%

Retain 64 Tokens (↓ 88.9%)

CrisPrune
1477.2 58.3 72.5 61.5 59.1 66.6 86.4 77.2 38.9 98.2%
96.5% 95.3% 99.6% 96.9% 93.4% 97.2% 100.5% 96.5% 107.5%

Retain 32 Tokens (↓ 94.4%)

CrisPrune
1420.1 57.2 72.6 60.0 58.8 65.1 85.4 75.7 34.6 95.3%
92.7% 93.5% 99.7% 94.5% 92.9% 95.0% 99.3% 94.6% 95.6%

Table 7: Performance of CrisPrune on LLaVA-1.5-13B. The vanilla number of visual tokens is 576. The first line
of each method shows the raw benchmark accuracy, and the second line is the proportion relative to the upper limit.
The final column shows the average performance relative to the original model.

B.3 Evaluation Benchmark

We conduct experiments on a total of 12 widely
used visual understanding benchmarks, including
9 image benchmarks and 3 video benchmarks.

B.3.1 Image Benchmark
We conducted experiments on 9 widely used visual
understanding benchmarks. We use the official
implementation of inference settings and evaluation
metrics in LLaVA-1.5.
MME. The MME benchmark(Chaoyou et al.,
2023) provides a comprehensive evaluation of
multimodal models by assessing both perceptual
and cognitive capabilities across 14 distinct sub-
tasks. Designed as binary judgment problems,
these subtasks are organized into two primary cate-
gories: perception, which includes Optical Charac-
ter Recognition (OCR), coarse-grained recognition,
and fine-grained recognition; and cognition, which
encompasses commonsense reasoning, numerical
calculation, text translation, and code reasoning.
TextVQA. The TextVQA(Singh et al., 2019)
benchmark evaluates a model’s ability to read and
reason about text embedded in images. Sourced
from Open Images v3(Krasin et al., 2017), the
dataset features text-heavy scenes such as signage
and packaging. It requires models to perform OCR
and integrate this with visual context to answer
questions. We report results on the validation split.
ScienceQA. Designed to assess zero-shot general-

ization, ScienceQA(Lu et al., 2022) covers diverse
scientific domains through a multiple-choice for-
mat. The benchmark is structured hierarchically,
spanning 26 topics, 127 categories, and 379 distinct
skills. For our evaluation, we utilize the test split
containing image contexts.
MM-Vet. MM-Vet(Yu et al., 2023) evaluates the
integration of six core vision-language capabilities:
recognition, OCR, knowledge, language genera-
tion, spatial awareness, and mathematics. Com-
prising 218 image-question pairs, it systematically
combines these skills into 16 composite tasks. A
distinguishing feature is its use of an LLM-based
evaluator (ChatGPT) to provide a unified metric
for open-ended responses.
MMBench. MMBench(Liu et al., 2024c) offers
a robust evaluation pipeline through a three-tier
taxonomy, rooted in foundational perception and
reasoning abilities. It assesses models using a cir-
cular evaluation strategy to ensure robustness. We
evaluate on both the English version (4,377 pairs)
and the Chinese version (MMBench-CN, 4,329
pairs).
GQA. Focusing on compositional reasoning,
GQA(Hudson and Manning, 2019) leverages scene
graphs from the Visual Genome dataset(Krishna
et al., 2017) to provide rigorous assessment. It
requires models to understand objects, attributes,
and spatial relationships to answer questions. We
utilize the test-dev balanced split for evaluation.
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Method MME TextVQA SQA MMB-CN GQA MMBench POPE VQAv2 MM-Vet Avg. Rel (%)

Vanilla, 2880 Tokens (100%)

LLaVA-NeXT-13B
1580.1 63.2 73.1 61.2 64.4 68.5 85.3 82.3 45.0

100.0%
100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0%

Retain 640 Tokens (↓ 77.8%)

CrisPrune
1579.8 62.3 71.5 63.1 64.0 68.8 87.3 81.2 44.5 99.9%
100.0% 98.6% 97.8% 103.1% 99.4% 100.4% 102.3% 98.7% 98.9%

Retain 320 Tokens (↓ 88.9%)

CrisPrune
1523.3 60.7 70.7 62.8 63.3 67.7 87.2 79.8 42.9 98.1%
96.4% 96.0% 96.7% 102.6% 98.3% 98.8% 102.2% 97.0% 95.3%

Retain 160 Tokens (↓ 94.4%)

CrisPrune
1493.2 59.3 71.2 61.8 62.4 66.8 87.9 78.0 41.3 96.7%
94.5% 93.8% 97.4% 101.0% 96.9% 97.5% 103.0% 94.8% 91.8%

Table 8: Performance of CrisPrune on LLaVA-NeXT-13B. The vanilla number of visual tokens is 2880. The first
line of each method shows the raw benchmark accuracy, and the second line is the proportion relative to the upper
limit. The final column shows the average performance relative to the original model.

(%) (%) (%)

Figure 6: Performance of CrisPrune on Qwen2.5-VL-3B-Instruct across different token retention ratios. The
grey dashed line represents the performance of the vanilla model.

VQAv2. VQAv2(Goyal et al., 2017) is a standard
benchmark for open-ended visual question answer-
ing, built upon the MSCOCO dataset(Lin et al.,
2014). It addresses the language bias issues of its
predecessor by employing a balanced pair design,
where each question is associated with complemen-
tary images that yield different answers. We use
the test-dev split.
POPE. POPE(Li et al., 2023b) is specifically de-
signed to quantify object-level hallucination in
Large Vision-Language Models (LVLMs). It for-
mulates evaluation as a binary classification task,
probing the model’s ability to correctly identify the
presence or absence of objects in MSCOCO(Lin
et al., 2014) images.

B.3.2 Video Benchmark

Our approach is implemented on Video-LLaVA and
evaluated on three major VideoQA benchmarks.
Following prior work(Lin et al., 2023; Maaz et al.,
2023), we use GPT-3.5-Turbo for automated eval-

uation. In line with (Chen et al., 2024a; Zhang
et al., 2025a) and due to API usage constraints, we
conduct experiments on the initial 1,000 samples
of each benchmark.
TGIF-QA. TGIF-QA(Jang et al., 2017) extends
static image-based VQA to the temporal domain,
evaluating a model’s ability to perform spatio-
temporal reasoning. This task necessitates un-
derstanding both spatial details within individual
frames and temporal dynamics across them. Con-
structed from 72,000 animated GIFs from the TGIF
dataset(Li et al., 2016), the benchmark comprises
165,000 question-answer pairs.
MSVD-QA. Adapted from the MSVD video cap-
tioning dataset(Chen and Dolan, 2011), MSVD-
QA(Xu et al., 2017) serves as a standard benchmark
for assessing video comprehension. Its question-
answer pairs are automatically generated from
ground-truth video descriptions to probe the under-
standing of video content. In total, the benchmark
consists of 1,970 short video clips and approxi-
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Prompt Format MME TextVQA POPE Avg. Rel

Baseline (LLaVA-1.5-7B, 576 Tokens)
Vanilla 1506.5 58.2 85.9 100.0%

Retain 128 Tokens (↓ 77.8%)
Full Sentence 1454.7 57.1 87.5 98.8%
Concise Phrase 1448.9 57.1 87.3 98.6%

Retain 64 Tokens (↓ 88.9%)
Full Sentence 1423.8 56.5 87.5 97.8%
Concise Phrase 1425.7 56.6 87.6 98.0%

Retain 32 Tokens (↓94.4%)
Full Sentence 1398.5 55.0 87.8 96.5%
Concise Phrase 1378.7 55.0 87.4 95.9%

Table 9: Ablation study on prompt granularity. We
compare the effectiveness of using full sentences (e.g.,
“All objects in the image”) versus concise phrases (e.g.,
“All objects”) as general semantic priors. Experiments
are conducted on LLaVA-1.5-7B.

mately 50,500 question-answer pairs.
MSRVTT-QA. Built upon the large-scale
MSRVTT dataset(Xu et al., 2016), MSRVTT-
QA(Xu et al., 2017) is a comprehensive dataset for
video question answering. It encompasses 10,000
video clips and nearly 243,000 question-answer
pairs. The questions cover diverse categories
(e.g., what, who, how), requiring models to
effectively process and integrate visual and
temporal information.

B.4 Implementation Details

For image and video benchmarks, we utilize the
official implementations of LLaVA and Video-
LLaVA, respectively. For advanced architectures
such as Qwen2.5-VL, we adopt the settings from
HiPrune(Liu et al., 2025). Inference was con-
ducted on NVIDIA A100 GPUs; specifically, we
employed 8 GPUs for GQA and VQAv2 bench-
marks, and a single GPU for all other datasets.

C Additional Experiments

C.1 Performance on LLaVA at Different
Scales

Results on LLaVA-1.5-13B. In the main paper,
we demonstrate the effectiveness of our model on
the 7B scale in Table 1; this section extends our
analysis to the 13B model. As shown in Table 7,
we evaluate our method across three vision token
counts (128, 64, and 32). The results indicate that
even with a limited budget of 32 visual tokens,
our method preserves 95.3% of the baseline per-
formance. At 64 tokens, the model maintains an

Prompt Count MME TextVQA POPE Avg. Rel

Baseline (LLaVA-1.5-7B, 576 Tokens)
Vanilla 1506.5 58.2 85.9 100.0%

Retain 128 Tokens (↓ 77.8%)
K = 3 1454.7 57.1 87.5 98.8%
K = 5 1453.9 57.1 87.5 98.8%
K = 10 1447.1 57.0 87.4 98.6%

Retain 64 Tokens (↓ 88.9%)
K = 3 1423.8 56.5 87.5 97.8%
K = 5 1424.5 56.6 87.5 97.9%
K = 10 1425.0 56.5 87.7 97.9%

Retain 32 Tokens (↓ 94.4%)
K = 3 1398.5 55.0 87.8 96.5%
K = 5 1398.4 55.1 87.5 96.5%
K = 10 1395.2 54.7 87.2 96.0%

Table 10: Ablation study on the number of general
semantic prompts (K). We compare our default set-
ting (K = 3) with expanded sets (K = 5, 10) that
include additional background and fine-grained descrip-
tions. Experiments are conducted on LLaVA-1.5-7B.

impressive 98.2% performance. Notably, when
retaining 64 or 128 tokens, the compressed 13B
model outperforms the standard 7B model.
Results on LLaVA-NeXT-13B. We demonstrate
the effectiveness of CrisPrune on the LLaVA-
NeXT-7B model across a comprehensive suite of
benchmarks in Table 2. Our evaluation is further
extended to the more powerful and challenging
LLaVA-1.6-13B baseline to demonstrate the gen-
eralizability of our method. As presented in Ta-
ble 8, our approach shows remarkable performance
preservation across different compression levels.
At a modest 640 tokens, the model retains 99.9% of
its original performance. This robustness is main-
tained at 320 tokens, achieving 98.1% of the base-
line. Even under aggressive compression to just
160 tokens, the model still delivers an impressive
96.7% of its full capability, underscoring its high
efficiency and robustness.

C.2 Performance on Qwen-VL at Different
Scales

Results on Qwen2.5-VL-3B-Instruct. In the main
paper, we demonstrate the effectiveness of our
model on the 7B scale in Table 3; this section ex-
tends our analysis to the 3B model. Figure 6 re-
veals that the superiority of CrisPrune becomes in-
creasingly pronounced as visual tokens are reduced
across all benchmarks. On MMBench-CN, specif-
ically under aggressive compression, our method
maintains robust performance while competing ap-
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Balance Factor (α) MME TextVQA POPE MMBench SQA MMB-CN MM-Vet Avg. Rel

Retain 128 Tokens(↓ 77.8%)
α = 0.1 1446.0 57.3 86.4 62.5 68.8 56.7 33.3 99.2%
α = 0.3 1443.5 57.2 87.3 62.9 68.5 56.9 35.5 100.4%
α = 0.5 1454.7 57.0 87.3 63.0 69.4 56.4 34.0 99.9%
α = 0.7 1451.0 56.8 87.3 62.7 69.0 56.5 33.3 99.3%
α = 0.9 1432.0 56.5 87.5 63.1 68.6 55.3 31.9 98.2%

Retain 64 Tokens(↓ 88.9%)
α = 0.1 1411.3 56.5 83.7 61.2 68.6 56.0 31.5 96.9%
α = 0.3 1410.9 56.5 86.3 61.3 68.7 55.5 32.8 97.9%
α = 0.5 1414.9 56.5 86.7 61.6 68.6 55.2 32.1 97.6%
α = 0.7 1425.9 56.1 87.3 61.4 68.7 55.1 31.0 97.2%
α = 0.9 1412.6 55.4 87.6 61.3 68.5 53.7 29.5 95.8%

Retain 32 Tokens(↓ 94.4%)
α = 0.1 1332.2 55.0 78.6 59.6 69.1 54.4 29.2 93.3%
α = 0.3 1370.2 55.0 84.6 60.1 69.0 54.0 30.7 95.3%
α = 0.5 1395.0 55.0 86.4 59.8 69.3 53.2 31.4 96.0%
α = 0.7 1372.9 54.7 86.9 59.5 68.9 52.4 29.7 94.6%
α = 0.9 1370.1 55.2 87.6 59.1 69.2 50.4 30.1 94.5%

Table 11: Sensitivity analysis on the balance factor α. This hyperparameter controls the trade-off between
semantic relevance (text) and intrinsic visual saliency. A higher α indicates a stronger reliance on textual guidance.
Experiments are conducted on LLaVA-1.5-7B.

proaches suffer severe degradation. These results
validate the effectiveness and generalizability of
CrisPrune on advanced architectures.

C.3 Additional Ablation Studies

Ablation study on prompt granularity. As
shown in Table 9, employing Full Sentences yields
marginally superior performance compared to Con-
cise Phrases, though the difference is negligible.
This indicates that our method is highly robust to
prompt granularity; whether formatted as complete
sentences or isolated keywords, the semantic em-
beddings successfully encapsulate the necessary
background context. This validates that the efficacy
of our approach stems from the intrinsic semantic
information itself rather than overfitting to specific
prompt templates. Furthermore, given that specific
user instructions typically take the form of com-
plete sentences, we adopt the full-sentence format
for general priors to maintain consistency in the
dual-source text relevance calculation.
Ablation study on the number of generic
prompts. We investigate the impact of the prompt
set size K on model performance, as summarized
in Table 10. We expanded the default set (K = 3)
to include additional descriptions such as back-
ground environments and colors (K = 5, 10). The
results indicate that increasing K to 5 yields neg-
ligible gains (≤ 0.1%), suggesting that our core

Decay Factor MME TextVQA POPE Avg. Rel

Baseline (LLaVA-1.5-7B, 576 Tokens)
Vanilla 1506.5 58.2 85.9 100.0%

Retain 128 Tokens (↓ 77.8%)
λ = 0.4 1442.3 57.0 87.5 98.5%
λ = 0.5 1454.7 57.1 87.5 98.8%
λ = 0.6 1454.3 57.2 87.2 98.8%

Retain 64 Tokens (↓ 88.9%)
λ = 0.4 1415.9 56.4 87.7 97.7%
λ = 0.5 1423.8 56.5 87.5 97.8%
λ = 0.6 1422.4 56.5 87.8 98.0%

Retain 32 Tokens (↓ 94.4%)
λ = 0.4 1390.3 54.9 87.3 96.1%
λ = 0.5 1398.5 55.0 87.8 96.5%
λ = 0.6 1394.1 55.1 87.4 96.3%

Table 12: Sensitivity analysis on the decay factor λ.
This parameter balances the influence of the general
semantic prior relative to the specific instruction. Exper-
iments are conducted on LLaVA-1.5-7B.

prompts already capture the majority of essential vi-
sual information. However, expanding to K = 10
leads to a slight performance degradation, particu-
larly under aggressive compression (e.g., Avg. Rel
drops from 96.5% to 96.0% when retaining 32 to-
kens).

This validates that our selected three prompts
cover the orthogonal semantic spaces required
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Before Truncation After Truncation Before Truncation After Truncation

Before Truncation After Truncation Before Truncation After Truncation

Figure 7: Qualitative comparison of attention maps before and after Robust Truncation. Each pair displays the
raw attention map (Left, "Before Truncation") versus the map processed by our strategy (Right, "After Truncation").

for effective pruning. Specifically, these prompts
encompass the dimensions of objects, text, and
saliency. Excessive prompts introduce redundant
or irrelevant semantic noise, diminishing the pre-
cision of the dual-source relevance score. Thus,
we adopt K = 3 as the optimal trade-off between
semantic coverage and computational efficiency.
Impact of Decay Factor λ. We analyze the sensi-
tivity of the decay factor λ in Table 12, which con-
trols the contribution of the general semantic prior.
The results exhibit a clear trade-off. When λ is low,
the model fails to fully leverage the background
context provided by the general prior, leading to
suboptimal performance (e.g., 96.1% at 32 tokens).
Conversely, increasing λ to 0.6 yields slight gains
at higher retention ratios but causes performance
drops under aggressive compression (retaining 32
tokens). This suggests that an overly strong gen-
eral prior may distract the model from the specific
user instruction when the token budget is severely
limited. Ultimately, λ = 0.5 achieves the most
robust balance, delivering consistent gains across
all settings and securing the highest performance
in the most challenging scenario.
Impact of Balance Factor α. We investigate the ef-
fect of the balance factor α in Table 11, which gov-
erns the trade-off between dual-source semantic rel-
evance and intrinsic visual saliency (see Eq. 6). The
results reveal distinct performance patterns across
tasks. Tasks dependent on specific object ground-

Figure 8: Quantitative analysis of visual score distri-
bution. The histogram compares the probability density
of attention scores under standard Min-Max normaliza-
tion (blue) versus our Robust Truncation strategy (red).

ing, such as POPE, benefit from a higher α, as tex-
tual guidance helps pinpoint targets. Conversely,
comprehensive reasoning tasks like MMBench-CN
and MM-Vet suffer notable degradation when α is
too high, indicating that over-reliance on text leads
to the loss of critical background visual cues.

Notably, at the most aggressive compression
level (32 tokens), the extreme settings (α = 0.1 or
0.9) perform poorly. In contrast, α = 0.5 achieves
the highest robustness (96.0%), validating that vi-
sual saliency and semantic relevance are equally
indispensable for maintaining holistic model capa-
bilities. Therefore, in practical applications, one
may choose to tune this hyperparameter to priori-
tize either specific object grounding or broad scene
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understanding based on specific needs.

D Additional Visualization

D.1 Visualization of Robust Normalization
Strategy

To validate the effectiveness of our proposed Ro-
bust Min-Max Normalization, we provide both
quantitative and qualitative analyses comparing it
against the standard Min-Max approach. We first
analyze the global impact on score distribution in
Figure 8. The standard normalization (blue his-
togram) results in a heavy-tailed distribution where
the vast majority of tokens are compressed into the
near-zero range. This indicates that attention sinks
stretch the scale, effectively "silencing" most vi-
sual tokens. In contrast, our robust truncation (red
histogram) yields a healthier, more spread-out dis-
tribution, ensuring that valid visual signals retain
meaningful magnitudes.

As illustrated in Figure 7, informative regions
(e.g., the contour of the motorcycle, the body of the
giraffe, or the flock of birds) are suppressed and ap-
pear dark blue due to the dominance of a few bright
spots in the “Before Truncation” maps. However,
after applying our Robust Truncation, these struc-
tural details are vividly recovered. As shown in the
“After Truncation” column, the heatmaps accurately
highlight the semantic objects, confirming that our
strategy is essential for preserving intrinsic visual
information in the presence of attention artifacts.

D.2 Visualizations on Retained Tokens
To further demonstrate the precision of CrisPrune,
we visualize the retained visual tokens on the
COCO images using instructions from the POPE
benchmark in Figure 9. The instructions follow
the template “Is there a {object}?”, requiring the
model to verify the existence of specific entities.
CrisPrune accurately retains visual tokens corre-
sponding to the queried objects (highlighted in red),
even when they occupy a minimal spatial area or
blend into complex backgrounds. Crucially, our
method does not isolate the object in a void; it
simultaneously preserves sparse yet informative
background tokens. This confirms that CrisPrune
effectively balances specific instruction alignment
with intrinsic visual saliency.
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Is there a person? Is there a person?

Is there a person? Is there a person?

Is there a traffic light?

Is there a backpack? Is there a backpack?

Is there a traffic light?

Is there a snowboard? Is there a banana?

Is there a bird?

Is there a snowboard?

Is there a dog?

Is there a backpack?

Is there a vase? Is there a cake?

Figure 9: Visualization of retained visual tokens by CrisPrune. The images are chosen from the COCO dataset.
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