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Abstract

Recent progress in Multimodal Large Language Models
(MLLMs) often use large image tokens to compensate the
visual shortcoming of MLLMs, which not only exhibits ob-
vious redundancy but also greatly exacerbates the already
high computation. Token pruning is an effective solution for
speeding up MLLMs, but when and how to drop tokens still
remains a challenge. In this paper, we propose a novel and
training-free approach for the effective visual token prun-
ing of MLLMs, termed FitPrune, which can quickly produce
a complete pruning recipe for MLLMs according to a pre-
defined budget. Specifically, FitPrune considers token prun-
ing as a statistical problem of MLLM and its objective is to
find out an optimal pruning scheme that can minimize the di-
vergence of the attention distributions before and after prun-
ing. In practice, FitPrune can be quickly accomplished based
on the attention statistics from a small batch of inference data,
avoiding the expensive trials of MLLMs. According to the
pruning recipe, an MLLM can directly remove the redundant
visual tokens of different examples during inference. To vali-
date FitPrune, we apply it to a set of recent MLLMs, includ-
ing LLaVA-1.5, LLaVA-HR and LLaVA-NEXT, and conduct
extensive experiments on a set of benchmarks. The experi-
mental results show that our FitPrune can not only reduce
the computational complexity to a large extent, while retain-
ing high performance, e.g., -54.9% FLOPs for LLaVA-NEXT
with only 0.5% accuracy drop. Notably, the pruning recipe
can be obtained in about 5 minutes.

Code — https://github.com/ywh187/FitPrune
Extended version — https://arxiv.org/pdf/2409.10197

Introduction
Recently, the great success of large language models
(LLMs) (Zhang et al. 2022; OpenAI 2023; Touvron et al.
2023) also arouses an influx of interest in extending them
to more modalities, e.g., vision and language (VL) (Liu
et al. 2023c; Zhu et al. 2023; Wang et al. 2023; Lin et al.
2023; Xu et al. 2023). For VL tasks, a simple yet intuitive
solution for building multimodal LLMs (MLLMs) is to di-
rectly project the extracted image features onto the seman-
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Figure 1: Visualization of the cross and self attention of im-
age tokens of LLaVA-1.5 7B (Liu et al. 2023c). These tokens
become less active at the higher layer of an MLLM.

tic space of LLMs as visual tokens, thus performing mul-
timodal sequence modeling in one Transformer architec-
ture (Liu et al. 2023c; Luo et al. 2024). Despite effective-
ness, this paradigm often suffers from excessive computa-
tion. For instance, LLaVA (Liu et al. 2023c) uses 576 im-
age patches as the visual tokens, which requires 6.2 times
the computation compared to its text-only inference on Sci-
enceQA (Lu et al. 2022). More recently, practitioners (Li
et al. 2023c; Luo et al. 2024) resort to increasing image res-
olution to alleviate the widely criticized visual shortcoming
of MLLMs (Tong et al. 2024), which also further exacer-
bates the already high computation of MLLMs.

In addition, the use of large visual tokens also involves
obvious redundancy in MLLMs. Compared with previous
Transformer-based VL models (Zhou et al. 2020, 2021), the
multi-head attention of MLLMs is unidirectional rather than
truly “global”. Simply put, MLLMs only propagate infor-
mation from the previous tokens to the subsequent ones, and
their visual tokens are usually placed in front of the text
questions. In this case, they mainly serve to give visual se-
mantics to the text tokens, but in fact not many of them are
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(b) Self-Attention Weight Distribution

Figure 2: The impact of token pruning according to the fitting of cross- and self-attention distributions of visual tokens of
LLaVA 1.5. The GQA accuracy (Hudson and Manning 2019) is reported. For pruning recipes, the better fitting of attention
distribution can retain better performance. However, only considering a single distribution is hard to obtain the optimal pruning
recipe. In this paper, our FitPrune will consider the fitting of both cross- and self-attentions.

active. As shown in Fig. 1, the attention from image to text
at the 12-th layer (32 in total) of LLaVA becomes very fo-
cused, indicating that only a small number of visual tokens
engage in multimodal reasoning. Theoretically, pruning the
less active tokens would have limited impact on model per-
formance. This assumption is also validated in our experi-
ments, i.e. removing a set of visual tokens of MLLMs barely
decline the accuracy on most benchmarks.

However, when and how to prune the visual tokens of
MLLMs remains an open problem, especially according to
a predefined computation budget. Although token pruning
has been extensively studied in natural language processing
(NLP) (Ye et al. 2021; Liu et al. 2023a; Anagnostidis et al.
2024) and computer vision (Kong et al. 2022; Dong et al.
2023; Wei et al. 2023), most pruning methods still need to
be manually validated for different MLLMs, of which ex-
penditure is also much more expensive. For instance, the
researchers often need to define the optimal pruning ratios
of an MLLM and its layers via numerous trials. The special
properties of MLLMs, such as unidirectional self-attention
and the involved visual modeling, also make some previous
metrics (Fayyaz et al. 2022; Wang, Dedhia, and Jha 2023)
not applicable or suboptimal for VL tasks. For instance, only
considering the cross-attention between visual and text to-
kens will drop the tokens that are also important in visual
modeling, and vice verse. To this end, we question that

“Can we find a solution that can directly determine the
optimal pruning recipe for MLLMs?”

To approach this target, we propose an effective and
training-free pruning method for MLLMs, termed Fit and
Prune (FitPrune). In particular, we define token pruning as
a task of distribution fitting, and adopt statistical principle
to obtain the optimal pruning recipe. Concretely, it aims
to minimize the divergence of attention distributions be-
fore and after pruning, thereby reducing the negative im-
pact on performance. In practice, the attention statistics can
be well represented by a small batch of data, as shown in
Fig. 2. Afterwards, FitPrune searches the token slots whose
removal would have minimal impact on the default distri-
bution, based on which the pruning ratio of each layer can
be directly set. To better meet the property of MLLMs, Fit-

Prune also considers the distributions of both cross- and
intra-attentions of visual tokens, i.e., the two distributions in
Fig.2. With these innovative designs, FitPrune can directly
produce a pruning recipe according to a predefined compu-
tation budget.

To validate FitPrune, we apply it to a set of advanced
MLLMs, including LLaVA-1.5 (Liu et al. 2023b), LLaVA-
HR (Luo et al. 2024) and LLaVA-NEXT (Liu et al. 2024),
on a bunch of highly competitive VL benchmarks (Lu et al.
2022; Singh et al. 2019; Hudson and Manning 2019; Goyal
et al. 2017; Gurari et al. 2018; Fu et al. 2023; Liu et al.
2023d; Yu et al. 2023; Li et al. 2023b). Experiment results
show that FitPrune can significantly reduce the computa-
tional complexity of MLLMs while retaining high perfor-
mance on all benchmarks. For instance, FitPrune can reduce
54.9% TFLOPs of LLaVA-NEXT with only 0.5% perfor-
mance degradation. More importantly, its pruning recipe can
be obtained in about 5 minutes for all VL tasks.

Conclusively, the contribution of this paper is three-fold:

• We reveal the heavy redundancy of visual tokens of
MLLMs via investigating their attention patterns, indi-
cating that a great number of visual tokens can be actu-
ally discarded during inference.

• To achieve fast and effective token pruning of MLLMs,
we propose a novel and training-free method called fit-
and-prune (FitPrune), which consider token pruning as a
task of cross-distribution fitting.

• On ten VL benchmarks, FitPrune not only significantly
reduces the computation overhead, e.g., -54.1% TFLOPs
of LLaVA-NEXT with marginal performance decline,
but also achieves a better trade-off than existing visual
token pruning methods.

Related Work
Vision-Language Models
Recently, the prevalence of large language models (LLMs)
leads to a trend of extending these LLMs to VL tasks (Tou-
vron et al. 2023; Le Scao et al. 2023), termed multimodal
LLMs (MLLMs) or vision-LLMs (VLLMs). Compared with
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Figure 3: Illustration of our FitPrune. (a) FitPrune is used to reduce the length of visual tokens in the MHA of each layer. (b)
The generated pruning recipe is obtained via binary search based on the attention statistics of a set of examples. Its principle
is to find out the optimal pruning recipe that reduce the gap of distributions before and after pruning. (c) During inference, the
MLLM can drop tokens according to the pruning recipe of FitPrune.

previous single-task or BERT-style VLMs (Radford et al.
2021; Bao et al. 2022), MLLMs (Liu et al. 2023c, 2024)
differ in the direct use of language models for both language
modeling and multimodal interactions, rather than building
another deep multimodal branch. A main design paradigm
of these MLLMs is to use a cross-modal projector to con-
nect the visual encoder (Bai et al. 2023; Liu et al. 2023c)
with LLMs (Touvron et al. 2023; Le Scao et al. 2023), which
can be a deep Query-based branch (Bai et al. 2023; Li et al.
2023a) or a simple projection network (Luo et al. 2024;
Liu et al. 2024). Despite effectiveness, existing MLLMs still
suffer from visual shortcoming (Tong et al. 2024) or vi-
sual hallucination (Huang et al. 2024) mainly due to the
inferior descriptive power of input visual tokens (Liu et al.
2023e). To this end, recent efforts (Li et al. 2023c; Luo et al.
2024) have been devoted to increasing the image resolution
for MLLMs, which exhibit obvious improvements in fine-
grained VL tasks, such as TextVQA (Singh et al. 2019).
However, the increase of image resolution also greatly exac-
erbate the already high computation of MLLMs. Meanwhile,
the large visual tokens also involve obvious redundancy as
discussed in this paper. In this case, how to effectively and
adaptively prune less important tokens of MLLM is a critical
demand for its applications.

Token Pruning
Token pruning, as a subclass of dynamic neural networks
(Han et al. 2021), has become a hot research topic with the
prevalence of Transformer-based networks (Vaswani et al.
2017; Kenton and Toutanova 2019; Dosovitskiy et al. 2020),
aiming to speed up inference by dynamically reducing less

important tokens based on input-dependent importance. This
task has been actively investigated in either natural language
processing (NLP)(Ye et al. 2021; Kim et al. 2022) or com-
puter vision (CV) (Rao et al. 2021; Meng et al. 2022). Exist-
ing methods (Rao et al. 2021; Meng et al. 2022; Kong et al.
2022; Wei et al. 2023; Dong et al. 2023) mainly focus on
the design of pruning metrics, e.g., low-information, and of-
ten require post-pruning tuning. It is prohibitively expensive
for LLMs and MLLMs. For example, DiffRate (Chen et al.
2023) relies on prediction loss to guide pruning and requires
a large dataset for optimization, while FitPrune uses only a
small batch of data, leveraging attention distribution fitting
before and after pruning. Some recent approaches explore
training-free token pruning (Fayyaz et al. 2022; Bolya et al.
2022; Wang, Dedhia, and Jha 2023; Chen et al. 2024). For
instance, ATS (Fayyaz et al. 2022) adopts token sampling
based on importance scores, ToMe (Bolya et al. 2022) grad-
ually merges tokens by similarity, and Zero-TPrune (Wang,
Dedhia, and Jha 2023) employs a weighted PageRank algo-
rithm to identify less critical tokens. In the visual-language
field, token pruning is nascent. MADTP (Cao et al. 2024)
employs a novel multimodal alignment guidance module
coupled with dynamic token pruning to efficiently compress
the model. FastV (Chen et al. 2024) introduces a pruning
strategy that determines token importance based on average
attention received by each token. Despite effectiveness, ex-
isting methods still need to manually determine the prun-
ing ratio of Transformer and its layers, which makes tri-
als expensive for MLLMs. In this paper, we focus on a
training-free and cost-effective method to quickly determine
the pruning recipe based on the predefined target.
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Method
In this paper, we propose a novel and training-free method
towards fast and effective visual token pruning of multi-
modal large language models (MLLMs), termed fit-and-
prune (FitPrune). The main principle of FitPrune is to re-
move the redundant visual tokens based on the fit of atten-
tion distributions before and after pruning. In practice, Fit-
Prune performs statistical analysis to derive pruning strate-
gies, as illustrated in Fig. 3.

Concretely, given a model G(·) and its averaged attention
distribution D on a set of examples, the objective of Fit-
Prune is to find a strategy P that minimizes the divergence
between D and the pruned attention distribution D′ given a
computation budget δ:

argmin
P

d(D,D′) s.t. Φ (G,P ) ≤ δ, (1)

where Φ(G,P ) denotes the computation overhead of G(·)
under the pruning strategy P , and δ is the given computation
budget. In this paper, we primarily focus on FLOPs.

To meet the property of MLLMs, FitPrune considers the
self- and cross-attentions at the same time, denoted as DS =
[āis]

K
i=1 and DC = [āic]

K
i=1, respectively. Here, K is the

number of layers, and āis denotes the averaged self-attention
value of visual tokens at the i-th layer:

āis =
1

N

N∑
m=1

N∑
n=1

Ai
m,n, (2)

where Ai ∈ R(N+M)×(N+M) represents the attention ma-
trix of the i-th layer, and N and M denote the numbers of
visual and text tokens, respectively. In practice, A is the av-
eraged statistics of a batch of examples, akin with D.

Similarly, āic is the averaged cross-attention value of vi-
sual tokens, obtained by

āic =
1

M

N+M∑
m=N+1

N∑
n=1

Ai
m,n. (3)

Afterwards, we denote these two distributions after pruning
as D′

S = [ā′
i
s]

K
i=1 and D′

C = [ā′
i
c]
K
i=1, respectively. Here,

ā′
i
s and ā′

i
c are obtained by:

ā′
i
s =

1

N − ti

N−ti∑
m=1

N−ti∑
n=1

A′i
m,n, (4)

ā′
i
c =

1

M

N+M−ti∑
m=N−ti+1

N−ti∑
n=1

A′i
m,n. (5)

where A′i ∈ R(N+M−ti)×(N+M−ti) is the attention ma-
trix after pruning. Since the number of removed tokens in-
creases layer by layer, ti is a cumulative value, defined by
ti =

∑
i−1 ti + t∗i , and t∗i is the number of new tokens re-

moved at the i-th layer. In this case, the final pruning strategy
P can be denoted by

P = [t∗1, t
∗
2, · · · , t∗K ]. (6)

Algorithm 1: FitPrune

Require: model G, target FLOPs budget δ and binary
search threshold ϵ

Ensure: Pruning strategy P
1: Initialize DS , DC

2: Initialize αL = 0, αR = 1, P
3: while αR − αL > ϵ do
4: α = (αL + αR)/2
5: for each layer i in model G do
6: Initialize the candidate sets TS = ∅, TC = ∅
7: Compute ais and aic according to Eq.8
8: IS = argsort(ais), IC = argsort(aic)
9: S = {(IS , āis, ais, TS), (IC , āic, aic, TC)}

10: for each (I, āi, ai, T ) in S do
11: for each k in I do
12: T = T ∪ {k}
13: if

∣∣∣ āi−
∑

k∈T ai,k

āi

∣∣∣ > α then
14: T = T \ {k}
15: break
16: end if
17: end for
18: end for
19: t∗i = |TS ∩ TC |
20: end for
21: if Φ (G(P, x)) ≤ δ then
22: αR = α
23: else
24: αL = α
25: end if
26: end while
27: return strategy P = [t∗1, t

∗
2, · · · , t∗K ]

Lastly, the optimization of FitPrune in Eq.1 can be refor-
mulated as

argmin
P

[d(DS , D
′
S) + d(DC , D

′
C)] ,

s.t. Φ (G,P )) ≤ δ.
(7)

To accomplish the objective of Eq.7, we adopt the princi-
ple of binary search to obtain the optimal pruning recipe.
The search algorithm is depicted in Algorithm 1. Con-
cretely, we first obtain the default the self-attention distribu-
tion DS = [ais]

K
i=1 and cross-attention distribution DC =

[aic]
K
i=1 from a set of examples. Then, we employ binary

search to determine the smallest divergence upper bound
α. The binary search is initialized with αL = 0 as the left
boundary (no divergence) and αR = 1 as the right bound-
ary (maximum divergence). In each iteration of the binary
search, the midpoint α = (αL+αR)/2 is evaluated. For each
candidate value of α, we greedily remove the token that has
the smallest impact on the attention distributions.

Concretely, for the i-th layer, we first evaluate the re-
ceived attention weights for each visual token. The j-th to-
ken’s attention weights in two distributions are denoted as
ais ∈ RN−ti−1 and aic ∈ RN−ti−1 , calculated by:
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Method Pruning
Ratio

ScienceQA - IMG GQA TextVQA Vizwiz VQAv2
Accuracy TFLOPs* Accuracy TFLOPs* Accuracy TFLOPs* Accuracy TFLOPs* Accuracy TFLOPs*

LLaVA - 1.5 7B 0% 68.0 0% 62.0 0% 58.2 0% 50.0 0% 78.5 0%
+FitPrune 40% 67.7 -30.5% 61.9 -33.7% 58.1 -31.3% 50.2 -33.0% 78.5 -33.9%
+FitPrune 60% 67.8 -46.8% 61.5 -51.6% 58.2 -47.9% 50.4 -50.5% 78.3 -51.9%
LLaVA - HR 7B 0% 68.0 0% 64.2 0% 67.1 0% 48.7 0% 81.9 0%
+FitPrune 40% 68.0 -30.6% 64.2 -32.1% 67.2 -30.7% 48.5 -31.7% 81.9 -32.1%
+FitPrune 60% 67.7 -46.7% 64.1 -49.1% 66.7 -47.1% 48.5 -48.5% 81.8 -49.2%
LLaVA - NEXT 7B 0% 70.2 0% 64.2 0% 64.9 0% 57.7 0% 81.8 0%
+FitPrune 40% 70.1 -34.3% 64.2 -36.6% 64.9 -36.0% 57.4 -36.5% 81.7 -36.6%
+FitPrune 60% 70.1 -51.7% 64.0 -55.0% 64.2 -54.0% 57.3 -54.9% 81.5 -55.0%

Table 1: Results of MLLMs with FitPrune on 5 MLLM benchmarks. Pruning ratio denotes the target reduction of FLOPs by
visual tokens. TFLOPs* reflect the computation and actual FLOPs reduction of the entire MLLM. Due to the different lengths
of text decoding, the overall reduction varies for different benchmarks.

Method Pruning
Ratio

POPE MM - Vet MMB MMBCN MME
Accuracy TFLOPs* Accuracy TFLOPs* Accuracy TFLOPs* Accuracy TFLOPs* Accuracy TFLOPs*

LLaVA - 1.5 7B 0% 85.9 0% 31.6 0% 64.3 0% 58.3 0% 1510.7 0%
+FitPrune 40% 86.9 - 33.9% 31.5 - 30.7% 64.9 - 31.3% 58.2 - 29.8% 1502.5 - 33.5%
+FitPrune 60% 86.5 - 51.8% 32.8 - 47.1% 64.6 - 47.9% 58.4 - 45.7% 1507.9 - 51.4%
LLaVA - HR 7B 0% 87.6 0% 31.2 0% 65.0 0% 60.6 0% 1554.9 0%
+FitPrune 40% 88.4 - 32.2% 31.5 - 31.1% 65.0 - 30.7% 60.1 - 30.1% 1543.9 - 32.1%
+FitPrune 60% 88.7 - 49.2% 31.0 - 47.5% 64.9 - 47.0% 60.2 - 46.0% 1561.6 - 49.0%
LLaVA - NEXT 7B 0% 86.5 0% 43.9 0% 67.4 0% 60.6 0% 1519.0 0%
+FitPrune 40% 87.6 - 36.5% 44.2 - 34.3% 68.0 - 35.5% 60.3 - 35.0% 1506.0 - 36.5%
+FitPrune 60% 87.6 - 54.8% 41.7 - 52.2% 67.5 - 53.4% 60.0 - 52.6% 1486.0 - 54.8%

Table 2: Performance with different pruning ratios on three MLLMs for 5 multimodal benchmarks for MLLMs. Pruning ratio
denotes the target reduction of FLOPs by visual tokens. TFLOPs* reflect the computation and actual reduction of FLOPs of the
entire MLLM.

ai,js =

N−ti−1∑
m=1

Ai
m,j , ai,jc =

N+M−ti−1∑
m=N−ti−1+1

Ai
m,j . (8)

Next, we select the sets of tokens TS and TC with the
smallest attention weights in the self-attention and cross-
attention distributions, so that their removal results in a dis-
tribution divergence close to α:

TS = argmax
T ⊆[N−ti−1]

|T | s.t.

∣∣∣∣∣ āis −
∑

j∈T ai,js

āis

∣∣∣∣∣ ≤ α, (9)

TC = argmax
T ⊆[N−ti−1]

|T | s.t.

∣∣∣∣∣ āic −
∑

j∈T ai,jc

āic

∣∣∣∣∣ ≤ α, (10)

where T represents a subset of the remaining tokens. The
goal is to maximize the number of tokens |T | that can be re-
moved while ensuring that the divergence between the orig-
inal and pruned attention distributions does not exceed the
divergence threshold α. Then, the number of pruned tokens
in i-th layer can be calculated by:

t∗i = |Ti|, where Ti = TS ∩ TC . (11)
This iterative process continues by checking whether

Φ(G,P ) meets the target computation budget δ after each

iteration, and accordingly adjusting the binary search bound-
aries αL and αR. The search terminates when the difference
between αR and αL is no more than the threshold ϵ.

During inference, tokens are ranked by the combined im-
portance metric ai,ju = ai,js · ai,jc , where ai,js and ai,jc are
the attention weights received by the j-th image token in the
i-th layer from other image tokens and the text tokens , re-
spectively. Tokens with the lowest ai,ju are pruned first. The
tokens to be pruned in i-th layer can be defined as:

Ti = argmin
T ⊆[N−ti−1],|T |=t∗i

∑
j∈T

ai,ju (12)

where T represents a subset of the remaining tokens, and
t∗i represents the number of tokens to be pruned from layer
i as specified in the pruning strategy P . This ensures that
the least important tokens are removed, preserving model
performance while enhancing computational efficiency. Fit-
Prune does not need any additional modules and also re-
quires no gradient computations, thus ensuring its efficient
deployment with minimal computational overhead.

Experiments
Datasets and Metrics
To validate FitPrune, we conduct extensive experiments
on 10 benchmarks. The datasets include the common
vision-language benchmarks such as VQAv2 (Goyal et al.
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Figure 4: Performance comparison of FitPrune and other pruning methods on the LLaVA-1.5 7B w.r.t different pruning ratios.
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Figure 5: The visualization of impact of our FitPrune. (a) Distribution of cross-attention weights. (b) Distribution of self-
attention weights. These distributions are based on LLaVA-1.5 7B for the GQA benchmark. (c) The number of tokens across
the 32 layers under the different settings.

2017) for visual question answering, GQA (Hudson and
Manning 2019) for compositional reasoning, VizWiz (Gu-
rari et al. 2018) for zero-shot generalization, ScienceQA-
IMG (Lu et al. 2022) for scientific question answering,
and TextVQA (Singh et al. 2019) for text understanding in
images. The multimodal benchmarks for MLLMs are also
used, including POPE (Li et al. 2023b) for object hallucina-
tion, MM-Vet (Yu et al. 2023) for integrated vision-language
capabilities, MMBench (Liu et al. 2023d) for diverse percep-
tion and reasoning tasks, MMBenchCN for Chinese language
evaluation, and MME (Fu et al. 2023) for systematic multi-
modal assessment. All experiments on these datasets follow
the default setting and metric.

Implementation Details
To conduct the statistical analysis, we use 655 samples
(0.1%) from the LLaVA-655k data (Liu et al. 2023b) to gen-
erate the pruning strategy. To validate FitPrune, we apply it
to LLaVA (Liu et al. 2023c), LLaVA-HR (Luo et al. 2024),
and LLaVA-NEXT (Liu et al. 2024). The base language
models used in these MLLMs are all Vicuna (Chiang et al.
2023). Under the default setting, LLaVA-1.5 7B has 576
visual tokens, while LLaVA-HR 7B stands out with 1024
visual tokens, resulting in better performance and higher
computational complexity. For a higher resolution, LLaVA-
NEXT 7B dynamically introduces visual tokens up to 2880,
improving the performance by 6.0% with 3.5× computa-
tion overhead compared to LLaVA. In our experiments,
we randomly select 655 samples (0.1%) from LLaVA-655k

dataset (Liu et al. 2023b) to generate the pruning strategy. In
our statistical process, the binary search tolerance parameter
ϵ is set to 0.01. Our experiments are conducted on a single
A100 40G GPU. More details can refers to our projects.

Experimental Results
Effects of FitPrune on different MLLMs. We report the
effects of FitPrune on a set of MLLMs in Tab. 1 and 2,
including LLaVA-1.5 7B (Liu et al. 2023c), LLaVA-HR
7B (Luo et al. 2024) and LLaVA-NEXT 7B (Liu et al.
2024). From Tab. 1 and Tab. 2, we can first observe that our
FitPrune method significantly reduces computational over-
head while maintaining competitive performance of these
MLLMs. For instance, when decreasing 40% FLOPs from
visual tokens in statistic, FitPrune decreases computation
overhead by 33.2% on average without dropping perfor-
mance. When defining a pruning ratio of 60% FLOPs,
our FitPrune reduces the overall computation overhead of
LLaVA-NEXT by 55%, with only 0.3% drop for VQAv2.
Similar results can be also obtained on the MLLM bench-
marks, in Tab. 2. With a 60% pruning ratio from visual to-
kens, FitPrune achieves 52.4% computation reduction, with
only 0.1% performance drop on average. Overall, these ex-
periments well validate the effectiveness of FitPrune in to-
ken pruning.
Comparison with SOTA pruning methods. We further
compare our FitPrune with two representative pruning meth-
ods on LLaVA-1.5, i.e., ToMe (Bolya et al. 2022) and
FastV (Chen et al. 2024). From Fig. 4, we can observe
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Num. of Sample Search Time Accuracy (%)

6.6K 199 min 61.6
2.0K 66 min 61.6
0.6K 19 min 61.5
65 2 min 61.6
10 0.5 min 61.2

Table 3: Ablation study on the scale of data for binary search
of FitPrune for LLaVA-1.5 on GQA.

that our FitPrune method has obvious advantages over these
methods. At lower pruning ratios, all methods maintain com-
petitive performance, highlighting the presence of visual re-
dundancy. For example, with a 20% pruning ratio on the
GQA dataset, ToMe experiences only a 0.2% performance
drop, and FastV shows a 0.4% reduction, while FitPrune
maintains its performance without any degradation. How-
ever, as the pruning ratio increases, FitPrune’s advantages
become more evident. With a 60% ratio, FitPrune achieves
+2.5% and +4.5% performance gains compared to ToMe
and FastV on the VQAv2 dataset. This demonstrates Fit-
Prune’s ability to preserve model performance even under
more aggressive pruning.

With a larger reduction target, FitPrune can better main-
tain the performance. For instance, when reducing FLOPs
by 60%, FitPrune only drops 0.9% performance on VQAv2,
whereas FastV loses 4.5%. In summary, compared with
other methods, the proposed FitPrune method shows robust-
ness as the pruning ratio increases, proving its effectiveness
in the token pruning task.
Ablation study. Next, we ablate the key settings of FitPrune.
We first compare the performance of different pruning ratios,
and also visualize the attention distributions after pruning in
Fig. 5-(a) and (b). From these figures, we can first see that
FitPrune is robust and can well maintain the high perfor-
mance when increasing the pruning ratio. Besides, we can
also see that the fit of distributions also affect the final per-
formance. For instance, when the pruning ratio is 80%, the
average divergence of the self-attention and cross-attention
distributions compared to the original distributions reaches
approximately 27%, leading to a performance drop of 3.6%.
Furthermore, the divergence caused by token pruning is rel-
atively uniform across layers. However, compared to cross-
attention, self-attention is more unstable and significantly af-
fected by token pruning, indicating that MLLMs rely more
heavily on text tokens to gather information from visual to-
kens. Overall, these results well validate our assumptions
about the distribution fitting and the consideration of both
self- and cross-attention modeling.

Additionally, we also visualize the pruning strategy in
Fig. 5-(c). It can be seen that as the pruning ratios increase,
FitPrune tends to focus more on pruning tokens in the shal-
lower layers, leading to a significant reduction in computa-
tional overhead.

In Tab. 3, we ablate the number of examples for Fit-
Prune to produce a pruning recipe. The first observation is
that our FitPrune method maintains stable performance even

What is the name of the movie shown on this poster? (60%)

The name of the movie is "Lilo & Stitch."

Layer 4Input Image Layer 16 Layer 32

What does the yellow text on the storefront sign? (80%)

The yellow text on the storefront sign reads "Cyberhouse."

Layer 4Input Image Layer 16 Layer 32

Layer 8

Layer 8

(a)

(b)

Figure 6: Visualization of token pruning process. The per-
centage in brackets indicates the pruning ratio.

with a small scale of statistical data. For instance, when
using only 0.01% of the dataset (65 samples), the model
achieves an accuracy of 61.6%, comparable to using 1% of
the dataset (6.6K samples). This result indicates that the pat-
tern of information exchange may depend more on the na-
ture of the model itself, and our FitPrune method can capture
this pattern efficiently. Furthermore, as the amount of data
decreases, the statistical time is also reduced substantially.
Overall, these experiment results well confirm the motiva-
tion and efficiency of FitPrune.
Visualization results. In Fig. 6, we visualize the token prun-
ing process for 2 challenging samples on LLaVA-1.5 7B.
From Fig. 6, it can be seen that our FitPrune retains key
object tokens according to the question while pruning irrel-
evant tokens. For example, our FitPrune retains the poster
title in Fig. 6-(a). Besides, as the number of deleted to-
kens increases, tokens from the primary object are gradually
pruned. For the text-related tasks, we can notice that Fit-
Prune retains all text-related tokens. For instance, in Fig. 6-
(b), the yellow text is preserved intact until the end. These
visualizations highlight FitPrune’s effectiveness in retaining
key tokens essential for accurate question answering.

Conclusion

In this paper, we introduce FitPrune, a novel and training-
free approach for visual token pruning of MLLMs. By fram-
ing token pruning as a statistical problem, FitPrune aims to
minimize divergence in attention distributions, enabling the
efficient pruning of redundant tokens. FitPrune can gener-
ate an optimal pruning strategy based on a small batch of
data, avoiding costly manual trials. We validate FitPrune
on various MLLMs, demonstrating its ability to reduce
computational overhead while preserving performance. Fit-
Prune offers a practical and efficient solution for optimiz-
ing MLLMs, and can be seamlessly integrated into exist-
ing models, paving the way for more scalable and efficient
vision-language tasks. To further unlock its potential, future
work will focus on expanding the application of FitPrune
to other domains and tasks, while investigating the in-depth
impact of token pruning.
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