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Abstract

Multi-modal Large Language Models
(MLLMs) have achieved remarkable success
by integrating visual and textual modalities.
However, they incur significant computational
overhead due to the large number of vision
tokens processed, limiting their practicality
in resource-constrained environments. We
introduce Language-Guided Vision Token
Pruning (LVPruning) for MLLMs, an effective
yet simple method that significantly reduces
the computational burden while preserving
model performance. LVPruning employs
cross-attention modules to compute the
importance of vision tokens based on their
interaction with language tokens, determining
which to prune. Importantly, LVPruning can
be integrated without modifying the original
MLLM parameters, which makes LVPruning
simple to apply or remove. Our experiments
show that LVPruning can effectively reduce
up to 90% of vision tokens by the middle
layer of LLaVA-1.5, resulting in a 62.1%
decrease in inference Tera Floating-Point
Operations Per Second (TFLOPs), with an
average performance loss of just 0.45% across
nine multi-modal benchmarks.

1 Introduction

Multi-modal Large Language Models (MLLMs)
have achieved impressive results by combining vi-
sual and textual information to perform complex
tasks that require understanding both modalities
(Dai et al., 2023; Li et al., 2023a; Liu et al., 2023a).
However, these models can be highly computation-
ally intensive, limiting their practicality in resource-
constrained environments (Liu et al., 2023a,b). One
important fact that leads to such substantial compu-
tational overhead is that these models often process
a large number of vision tokens representing in-
put image patches, but not all visual information
is equally important for understanding. The hu-
man brain, for instance, can focus on salient fea-

Inference TFLOPs

Benchmark Results
SQA

TFLOPs

POPE-pcp

POPE-adv
—— LLaVA-1.5-78

4 o
\\v'\ ,Q"o\ LVPruning (Ours)
83 &
A% Q(

MM-Bench (cn)

Figure 1: LVPruning can reduce 62.1% of inference
TFLOPs for LLaVA-1.5-7B with marginal performance
loss across nine multi-modal benchmarks. *All TFLOPs
reported in this paper are computed using a dummy
input consisting of 1 image and 30 text tokens.

tures while ignoring irrelevant details, allowing for
highly efficient visual perception (Treisman, 1988).
Inspired by this, there is a growing need to develop
MLLMs that can prioritise crucial vision tokens,
reducing computational costs without largely sacri-
ficing performance.

Previous approaches for enhancing the computa-
tional efficiency of MLLMs have explored various
strategies. Models utilising Q-former as the vision
encoder condense visual information into a smaller
set of tokens. Though effectively reducing compu-
tational load, such condensation potentially leads to
a loss of essential visual information, compromis-
ing performance (Li et al., 2023a; Dai et al., 2023;
Zhu et al., 2024). On the other hand, models such
as LLaVA pass all vision tokens through a simple
Multi-Layer Perceptron (MLP) connector to the
language model, achieving high performance but at
the cost of increased computational demands (Liu
et al., 2023a,b). Additionally, token compression
techniques (Rao et al., 2021; Bolya et al., 2023;
Chen et al., 2023) that detect important vision to-
kens solely based on visual features have shown
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promise in single-modal tasks but cannot make full
use of the interaction between visual and linguistic
information in MLLMs. These highlight a trade-
off between computational efficiency and model
performance, indicating a need for solutions that
can balance both aspects effectively and efficiently.

To address these challenges, we propose
Language-Guided Vision Token Pruning (LVPrun-
ing), a simple yet effective method that dynamically
reduces the number of vision tokens in MLLMs
based on their relevance to the language context.
We introduce lightweight cross-attention decision
modules where vision tokens attend to language to-
kens to compute importance scores. This relevance
scoring allows the model to decide whether to keep
or prune each vision token, effectively filtering out
less informative visual data. By integrating these
decision modules into various layers of the MLLM,
LVPruning enables progressive token pruning as
the model processes deeper layers. During training,
we freeze all original model parameters and only
train the inserted decision modules, ensuring that
the base model remains unchanged and the pruning
mechanism can be easily applied or removed.

Our contributions are threefold. First, as shown
in Figure 1, we demonstrate that LVPruning can
significantly reduce computational costs—up to a
62.1% decrease in inference TFLOPs—by pruning
as much as 90% of vision tokens without substan-
tially affecting model performance. Second, we
introduce a novel, language-guided token pruning
mechanism that is both effective and easy to in-
tegrate into existing MLLMs, requiring minimal
changes to the original architecture. Third, our
method allows for adjustable token pruning ratios
during inference without retraining, offering flexi-
bility in balancing efficiency and performance ac-
cording to specific needs. Through extensive ex-
periments on various multi-modal benchmarks, we
show that LVPruning provides a practical solution
to enhance the efficiency of MLLMs while main-
taining their ability to understand and generate ac-
curate multi-modal content.

2 Related Work

Multi-modal Large Language Models: Recent
advancements in MLLMs have significantly en-
hanced the integration of visual and textual modal-
ities. BLIP-2 (Li et al., 2023a) introduced a two-
stage learning framework that connects pre-trained
vision models with language models using a Q-

former model as a vision encoder, effectively gen-
erating a condensed set of vision tokens for effi-
cient processing. Building upon BLIP-2, Instruct-
BLIP (Dai et al., 2023) and MiniGPT-4 (Zhu et al.,
2024) incorporated instruction tuning to improve
the model’s ability to follow complex prompts and
perform diverse tasks. Alternatively, models such
as LLaVA-1.5 (Liu et al., 2023a) directly input all
vision tokens from pre-trained vision encoders into
the language model. While this approach achieves
higher performance owing to richer visual infor-
mation, it results in substantial computational over-
head. These models exemplify the trade-off be-
tween computational efficiency and performance,
underscoring the need for approaches that can bal-
ance both aspects without compromising accuracy.

Efficient Transformers: Many techniques have
been proposed to improve computation efficiency
for transformer models, such as knowledge distilla-
tion (Hinton et al., 2015), token merging/pruning
(Bolya et al., 2023; Rao et al., 2021; Chen et al.,
2023), and quantisation (Gong et al., 2014; Wang
et al., 2019). For Natural Language Processing
(NLP) tasks, methods like DistilBERT (Sanh et al.,
2019) and MiniLM (Wang et al., 2020) use knowl-
edge distillation to create smaller models for more
efficient inference. For computer vision tasks,
Liang et al. (2022); Bolya et al. (2023) and Chen
et al. (2023) focus on pruning or merging tokens
based on their importance in image classification.
These approaches reduce the number of vision to-
kens by identifying less informative patches or
merging similar tokens during inference. The clos-
est work to ours is DynamicVit (Rao et al., 2021),
which uses MLP layers to predict token pruning de-
cisions. They hierarchically insert multiple pruning
layers into vision transformer-based models for the
image classification task. However, these methods
are specifically designed for single-modal targets
and do not address challenges in multi-modal set-
tings. Our research distinguishes itself by focusing
on token pruning for MLLMs in the context of
image comprehension tasks.

3 Methodology

In this section, we present the LVPruning frame-
work in detail. As shown in Figure 2, LVPruning
is designed for MLLMs that pass all vision tokens
through an MLP connector into the language model.
The architecture consists of a transformer-based
pre-trained CLIP vision encoder, an MLP vision-
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Figure 2: Overall Framework Architecture. LVPrun-
ing modules are incorporated into specific layers of an
MLLM, where vision tokens serve as queries and lan-
guage tokens act as keys and values. A pruning decision
is predicted for each vision token. The operation de-
noted by ® applies these decisions—serving as attention
masking during training and token removal via indexing
during inference.

language connector, and an LLM backbone. First,
an image input is divided into patches and pro-
cessed by the CLIP model (Radford et al., 2021),
such that each image patch becomes a representa-
tive vision token. Next, with the vision language
connector projecting vision tokens into the dimen-
sion of the LLM’s text space, the concatenated
vision and text tokens are fed into the LLM for
causal text generation. In specific layers of the
LLM, cross-attention decision modules dynami-
cally select the most salient token (the one with
the highest attention score) to guide inference, re-
moving redundant tokens. During training, we ap-
ply attention masks (Rao et al., 2021) to mask out
pruned vision tokens. Importantly, instead of up-
dating positional embeddings after token pruning,
we retain the original positional embeddings for
the remaining vision tokens, as used in standard
LLMs (Touvron et al., 2023).

3.1 Cross-Attention Decision Module

We now describe the detailed architecture of the
cross-attention decision module designed for to-
ken pruning. A decision module, which is respon-
sible for selecting and discarding vision tokens,
comprises cross-attention layers and an MLP layer.
Multiple instances of these modules are inserted
into different layers of the LLM backbone for pro-
gressive pruning. Let H € RV*? represent the
output from an LLM hidden layer, where N is
the sequence length and d is the dimension of the
hidden representations. H contains the subset of
vision tokens and text tokens. We define the set
of the vision tokens indices as Iy = {n,, | v; €
N,0 < v; < N}, and the set of text token indices
as It = {nti |ti S N,(O <t; < N)/\(ti §é Iv)}.
We use the vision tokens as the query tokens

Q = W, Hy, € RIvIxd, (1)
and text tokens as the key and value tokens

K,V = (Wy/W,)Hy, € RITIxd — (2)

where W, Wj,, W, are linear projection layers. We
then compute the attention matrix and feed the out-
put to a feed-forward network (FFN), as described
by Vaswani et al. (2017).

QK™
Vd
Inspired by Rao et al. (2021), we feed the output

from the FFN to a linear layer Wy to predict scores
of keeping and removing vision tokens:

O = Softmax < > V+Q. 3)

v =Wo0 e RIVIX2, (4)

where ~y; o represents the score for keeping the vi-
sion token HIV,i and ~y; 1 represents the score for
removing the vision token HIVJ. The decisions
of vision token pruning are then generated based
on ~. The mechanism for generating and applying
decisions differs between training and inference.
Multiple decision modules are inserted into differ-
ent layers of the LLM, such that the vision tokens
are pruned progressively throughout the LLM.

3.2 End-to-End Training

To ensure that the process of generating and ap-
plying token pruning decisions based on -y is dif-
ferentiable, where ~ denoted as the output from
each cross-attention decision module, we draw in-
spiration from Rao et al. (2021). Specifically, we
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apply the Gumbel-Softmax distribution to ~, re-
distributing it into one-hot vectors D&S. The first
dimension of each vector is then used as the de-
cision D, determining whether to retain a given
token:

DGS = Gumbel-Softmax(y) € {0, 1}|IV|X2,
)

D = DS € {0, 1}V, (6)

where D; = 1 means that the vision token HIv,i
is kept; Otherwise it’s removed. The number of
kept tokens determined by the decision process is
not fixed during training, and directly removing
unwanted vision tokens will impede batch process-
ing. To address this concern, we construct attention
masks M based on D for both vision and language
tokens. Specifically,

1
Mij =1
J

Therefore, M is constructed such that all language
tokens are assigned a mask value of 1, while the
vision tokens are masked according to the token
pruning decisions . Additionally, all diagonal
elements of M are set to 1 to improve numerical
stability.

However, M disregards the original causal and
padding attention masks. To address this, we first
apply the original attention mask M to the raw
attention scores to obtain causal attention matrix A.
Then, we apply M with the So ftmam operation to
A to get the final attention matrix A. Specifically,
we define M as the attention mask generated from
the decision module at layer I. The attention scores
at layer I 4+ « is calculated by

Al—m = Soffmaa:(fllﬂ, M), ()

ifi=jorjelr
ifi#jandje Iy’
1<i4,j<N. (7)

exp(Ai ;)M ;
S exp(Ai k) Mg
1<4,7<N, 9

Softmaz(A, M) =

where (I + ) € N < I'. I is the position layer
of the next decision module. If M L] 0, the
attention score for token H; will be 0 in the final
attention matrix, resulting in H; not contributing
to any other tokens. In addition, we define Dy, Dy
as the token pruning decisions obtained from layer
I, 1, respectively and I’ > [. We update Dy by

Dl’ — Dl ® Dl/, (10)

where © is element-wise production, which means
a previously removed vision token will never be
used again.

In summary, Equations 7 - 9 remove the effects
of unwanted vision tokens on other tokens while
keeping the number of total tokens unchanged.
With Equations 35, 6, 8 and 9, the process of generat-
ing and applying token pruning decisions becomes
fully differentiable. These two factors facilitate the
end-to-end training capability of LVPruning.

Training Objectives: The training objectives
of LVPruning are designed to teach the decision
modules to remove vision tokens according to pre-
determined ratios at different layers while fine-
tuning the MLLM to maintain its vision instruction-
following capability despite the token pruning.
The primary training objective is causal language
modelling for instruction tuning, as described by
Vaswani et al. (2017); Liu et al. (2023b); Touvron
et al. (2023). Since causal language modelling is
a widely used loss function, we do not formally
define it in this paper, referring to it as Lequsal-

Additionally, to ensure that the ratio of re-
tained vision tokens aligns with predefined val-
ues at each decision module, we insert .S decision
modules into the LLM at specific layer indices
L;g. = [l1,...,lg], with target token retention ra-
tios P = [p1,..., ps]. To enforce this, we apply
Mean Squared Error (MSE) loss L0 to constrain
the token pruning decisions:

[Tv|

D 11
|IV| Z lb,’L ) ( )

rat10 =

|Mm

where 6(D;_, ps) is the Huber loss and (3 is a thresh-
old that determines the loss function used. We set
B = 0.5 in all our experiments. The final train-
ing objective is the weighted sum of L.g4541 and
Eratio:

L= )‘causalﬁcausal + )\Tatioﬁratio- (12)

3.3 Inference

During the training phase, attention masks are em-
ployed to exclude the impact of irrelevant vision
tokens. However, during inference, it is necessary
to remove these tokens to reduce computational
costs, which introduce significant practical difficul-
ties. First, the quantity of retained vision tokens, as
determined by D, is variable, thereby complicating
the process of batch inference. Second, contempo-
rary LLMs generally utilise positional embeddings
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for tokens at each layer. It is essential to maintain
the original positional embeddings for the retained
tokens to ensure alignment with the distribution
seen during training.

To overcome the first issue, we define a set of
token kept ratios P = [P1, ..., ps] during inference.
Note that the inference ratios do not have to be
the same as the training ratios. At the s-th token
pruning layer, we first sort the decision scores

Q? = argsort(Dys). (13)
We then keep the top ks = psx | Iy | vision
tokens with the highest scores. The kept vision
token indices among all vision tokens are I° =
{Q1.1, }> and the kept vision token indices among

all tokens are fj = Iv,fS' We define PE! as the
positional embeddings at the first layer. To ensure
that the positional embeddings for both vision and
text tokens remain unchanged after each pruning,
the positional embeddings at the s-th token pruning
layer are defined as

PE® = [PE!}

]yPEb]

(14)

4 Experimental Setup

The objective of our experiments is to investi-
gate the feasibility of employing token pruning
techniques to enhance the efficiency of MLLMs.
Specifically, we ask: (i) Does LVPruning effec-
tively reduce computational costs while keeping
the performance unchanged and to what extent
can vision tokens be pruned? (ii) Compared with
state-of-the-art MLLMs, does LVPruning achieve
a balance between computational costs and model
performance? To answer question (i) we com-
pare LVPruning with the base MLLM on various
benchmarks using different ratios of kept vision
tokens. To answer (ii), we compare the relation-
ship between inference TFLOPs and model perfor-
mance for LVPruning and various state-of-the-art
MLLMs.

4.1 Implementation Details

In all our experiments, we apply LVPruning to
LLaVA-1.5-7B (Liu et al., 2023a) (hereafter re-
ferred as LVPruning) by inserting S = 3 deci-
sion modules with token kept ratio P = [p, p —
0.2, p — 0.4], where p = 0.5 for training. These
modules are inserted after the 1st, 8th, and 16th lay-
ers of LLaMA LLM. In each token pruning layer,
we utilise 2 sequential cross-attention blocks, each

with 8 attention heads. The FFNs in these cross-
attention blocks follow the architecture: [Layer-
Norm, Linear(C, 2C), SiLu activation, Linear(2C,
C), LayerNorm]. We follow most of LLaVA-
1.5’s training settings, freezing all parameters from
LLaVA and only training inserted modules. The
learning rate is set to 2e-6, with a 0.03 warm-up ra-
tio and a cosine learning rate scheduler. The batch
size is 64 and no weight decay is applied. Addi-
tionally, a maximum gradient norm of 1.0 is used
to stabilise convergence. Training runs on 8 A100
(80G) GPUs. During inference, we evaluate using
three different token kept ratios (p = 0.6, p = 0.5,
and p = 0.45) without tuning any model parame-
ters. All inference TFLOPs reported in this paper
are computed using a dummy input consisting of
one image and 30 text tokens.

4.2 Dataset and Benchmarks

To prove LVPruning’s data efficiency, we use a sub-
set of the training data for LLaVA-1.5. The LLaVA-
1.5 Vision Instruction Tuning dataset (Liu et al.,
2023a) consists of 665k data samples. We remove
all entries without image inputs, which results in ap-
proximately 620k training samples, and the model
is trained for one epoch. To evaluate the perfor-
mance and computational efficiency of LVPruning,
we calculate its inference FLOPs and assess it on
nine multi-modal benchmark datasets. These in-
clude VQAvV2 (Goyal et al., 2017), GQA (Hudson
and Manning, 2019), VizWiz (Gurari et al., 2018),
SciQA-IMG (Lu et al., 2022), and TextQA (Singh
et al., 2019), with top-1 accuracy (acc@1) used as
the evaluation metric for all these benchmarks. Ad-
ditionally, POPE (Li et al., 2023b) is assessed using
the F1-score across three splits. MMBench (Liu
et al., 2023c¢) is evaluated through multiple-choice
questions on both English and Chinese-translated
versions. LLaVA-Wild (Liu et al., 2023b) and MM-
Vet (Yu et al., 2024) assess model responses with
the assistance of GPT-4. The details about each
benchmark can be found in Appendix A.

5 Experimental Results

In this section, we analyse the experimental re-
sults of LVPruning across nine multi-modal bench-
marks. Section 5.1 examines the performance and
inference TFLOPs of LVPruning compared to the
base MLLM, LLaVA-1.5 (Liu et al., 2023a), high-
lighting its effectiveness in reducing computational
cost. Section 5.2 compares LVPruning with state-
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Method | TFLOPs | VQAV2 ~ GQA  Vizwiz SQA-IMG TextVQA
LLaVA-1.5-7B | 838 | 785 62.0 50.0 69.4 58.2
LVPruning (p = 0.6) 3'97—52.6% 78.170.4 61.570‘5 51-2+1,2 69.070‘4 58.2+0
LVPruning (p = 0.5) | 3.18 4919 | 77.3_12 60.7_135 513413 687 07 58.0_05
LVPmning (p = 0.45) 2-79—66.7% 75~772.8 59.372,7 50-8+0,8 68.670,8 57.570,7

Table 1: Performance and inference TFLOPs comparison between LLaVA-1.5-7B (Liu et al., 2023a) and LVPruning
on Visual Question Answering (VQA) benchmarks. LVPruning can significantly reduce the inference cost while

maintaining marginal performance loss.

Method POPE MMBench LLaVA MM
rad pop adv en cn -Wild -Vet
LLaVA-1.5-7B 87.3 86.1 84.2 64.3 58.3 65.4 31.1
LVPruning (p = 0.6) | 88.1,98 86.5.04 844,092 | 64.0 g3 57.4 g9 | 67.9405 | 33.3492
LVPruning (p = 0.5) | 87.6:03 86.2101 841 01 | 63.9 04 56.3 00 | 655101 | 316505
LVPruning (p = 0.45) | 87.4,91 86.1,¢9 84.0 o2 | 63.4 g9 56.3 90 | 60.7_47 | 30.8 o3

Table 2: Performance comparison between LLaVA-1.5-7B (Liu et al., 2023a) and LVPruning on visual instruction
following benchmarks. LVPruning achieves competitive results, with improvements observed on three benchmarks.
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Figure 3: Performance variance between LLaVA-1.5-7B
(Liu et al., 2023a) and LVPruning with different vision
token kept ratios p on nine multi-modal benchmarks.
Even at a low token kept ratio, such as p = 0.45, the
performance degradation remains small.

of-the-art Q-former-based MLLMs, demonstrating
its ability to balance performance and efficiency.

5.1 Performance Preservation and
Computation Cost Reduction

To address research question (i), we compare
the model performance and inference TFLOPs
of LVPruning at various vision token kept ratios,

.38

3 2.79

LVPrfming
(p=0.45)

LVPrfming LVPrfming
(0=0.6) (p=0.5)
Method

LLaVA-1.5-7B

Figure 4: Comparison of Inference FLOPs of LLaVA-
1.5-7B (Liu et al., 2023a) and LVPruning with different
vision token kept ratio p.

evaluating both computational savings and perfor-
mance trade-off. Generally speaking, Table 1 and
Table 2 show that LVPruning significantly reduces
the inference cost while maintaining competitive
performance. As shown in Table 1, on Visual
Question Answering (VQA) benchmarks, with a
pruning ratio of p = 0.6, LVPruning achieves a
52.6% reduction in TFLOPs, dropping from 8.38
to 3.97 TFLOPs, with only a minor performance
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Method TFLOPs ‘ VQAV2 GQA Vizwiz SQA-IMG TextVQA
BLIP2-14B 2.14 65.0 41.0 19.6 61 42.5
InstructBLIP-8B 1.36 - 492 345 60.5 50.1
InstructBLIP-14B 2.14 - 49.5 334 63.1 50.7
IDEFICS-9B 0.87 50.9 384 355 - 25.9
Qwen-VL 1.75 78.8 59.3 35.2 67.1 63.8
Qwen-VL-Chat 1.75 78.2 57.5 38.9 68.2 61.5
CrossGET 4.39_476% | 773 614 477 66.7 54.9
LVPruning (p = 0.5 ours) 3.18_g9.19% 77.3 60.7 51.34 68.7 58.0

Table 3: Performance comparison among CrossGET (Shi et al., 2023), LVPruning (p=0.5), and other Q-former-based
MLLMs on five popular VQA benchmarks. While CrossGET attains strong results on GQA (Hudson and Manning,
2019)—it requires higher computational cost. In contrast, LVPruning achieves top performance on Vizwiz(Gurari
et al., 2018)and SQA-IMG(Singh et al., 2019)) at lower TFLOPs, showcasing a favorable balance of accuracy and

efficiency.
Method POPE MMBench | LLaVA | MM
rad pop adv | en cn -Wild | -Vet
BLIP2-14B 89.6 855 809 - - 38.1 22.4
InstructBLIP-8B - - - 36.0 23.7| 609 | 262
InstructBLIP-14B 87.7 T 72 - - 58.2 25.6
IDEFICS-9B - - - 48.2 252 - -
Qwen-VL - - - 382 7.4 - -
Qwen-VL-Chat - - - 60.6 56.7 - -
CrossGET 84.8 84.1 829|647 552 - -
LVPruning (p = 0.5 ours) | 87.6 86.2 84.1 | 639 563 | 655 | 31.6

Table 4: Performance comparison among CrossGET (Shi et al., 2023), LVPruning (p=0.5), and other Q-former-based
MLLMs on visual instruction following benchmarks. LVPruning outperforms most baselines, with only minor
drops against BLIP2-14B (Li et al., 2023a) in POPE(rad) (Li et al., 2023b) and CrossGET in MMBench(en) (Liu

etal., 2023c¢).

degradation. For instance, on the VQAvV2, GQA
and VizWiz benchmarks, LVPruning maintains
similar accuracy, with a minimal decrease of 0.4,
0.5 and even an increase of 1.2 points, respec-
tively. Even with higher pruning ratios, such as
p = 0.45 (66.7% TFLOPs reduction), the model’s
performance on certain benchmarks like VizWiz
(+0.8) and SQA-IMG (-0.8) are still comparable to
LLaVA-1.5-7B. Table 2 shows the results for visual
instruction following benchmarks. On the POPE
and MMBench (en and cn) benchmarks, LVPrun-
ing yields similar or improved performance, with
performance gains of up to 0.8 points on POPE. No-
tably, the LLaVA-Wild and MM-Vet benchmarks
show obvious performance gains with p = 0.6
which increases by 2.5 and 2.2 points, respectively.

Overall, Figure 3 visualises the performance vari-
ance between LLaVA-1.5 (Liu et al., 2023a) and

LVPruning with different vision token kept ratios
p on nine multi-modal benchmarks, and Figure 4
demonstrates their inference FLOPs. LVPruning
demonstrates that significant computational sav-
ings can be achieved with minimal impact on per-
formance. Even at a high pruning ratio, such as
= 0.45, where TFLOPs are reduced by 66.7%,
the performance degradation remains relatively
small, indicating that LVPruning effectively bal-
ances model efficiency with task performance. No-
tably, the extra computation cost introduced by the
inserted decision modules is 0.71 TFLOPs.

5.2 Comparisons with state-of-the-art
MLLMs

To address research question (ii), we use LVPrun-
ing with p = 0.5 as a representative configuration
to compare against state-of-the-art Q-former-based
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Figure 5: The relationship between inference TFLOPs
and the performance of LVPruning and other state-
of-the-art MLLMs evaluated on the GQA benchmark
(Hudson and Manning, 2019). LVPruning (green area)
outperforms Q-former-based models (blue area) while
achieving substantial computational savings compared
to LLaVA-1.5 (red area) (Liu et al., 2023a). This demon-
strates LVPruning’s ability to balance performance and
efficiency among state-of-the-art MLLM:s.

MLLMs. We further compare LVPruning with
CrossGET, which is a token ensemble method for
accelerating MLLMs (Shi et al., 2023). Generally
speaking, Tables 3 and 4 demonstrate that LVPrun-
ing achieves superior performance with competi-
tive inference FLOPs.

As shown in Table 3, on VQA benchmarks,
LVPruning with p = 0.5 outperforms several
state-of-the-art models, such as BLIP2-14B (Li
et al., 2023a), InstructBLIP-14B (Dai et al., 2023),
and IDEFICS-9B (Laurengon et al., 2023). For
example, LVPruning achieves a higher VQAv2
accuracy (77.3) compared to BLIP2-14B (65.0)
and IDEFICS-9B (50.9), while utilising only 3.18
TFLOPs, which is relatively higher than IDEFICS-
9B but remains efficient compared to other models
like BLIP2 and Qwen-VL (Bai et al., 2023). In
tasks such as VizWiz, LVPruning also achieves
a notable boost in performance (51.34), surpass-
ing BLIP2 and InstructBLIP models by a large
margin. Table 4 shows that on visual instruction
following benchmarks, LVPruning consistently de-
livers competitive results. For instance, LVPruning
achieves 87.6 accuracy on the POPE (rad) bench-
mark, closely trailing BLIP2-14B’s §9.6. However,

it outperforms BLIP2 on multiple datasets, such
as MMBench (en) and LLaVA-Wild, with scores
of 63.9 and 65.5, respectively. These results illus-
trate that LVPruning maintains competitive perfor-
mance across various instruction following bench-
marks, balancing between efficiency and effective-
ness. Across both Table 3 and Table 4, CrossGET
(Shi et al., 2023) and LVPruning achieve competi-
tive results while trading off performance against
efficiency. CrossGET excels on GQA and MM-
Bench (en) but incurs higher TFLOPs. By pruning
half the visual tokens (p=0.5), LVPruning deliv-
ers strong or superior results on multiple tasks at
reduced computational cost. Figure 5 further illus-
trates the relationship between inference TFLOPs
and the performance of LVPruning and state-of-the-
art MLLMs on the GQA benchmark. LVPruning,
represented by red points, showcases a balanced
trade-off between computational efficiency and per-
formance.

6 Conclusion

In this work, we introduce LVPruning, a novel
language-guided vision token pruning method that
can be integrated into existing MLLMs with min-
imal architectural changes. LVPruning computes
relevance scores for each vision token based on lan-
guage tokens, progressively removing redundant
tokens throughout the LLM. With its middle layer,
it eliminates up to 90% of vision tokens, achieving
a 62.1% reduction in FLOPs with only a ~0.45%
average performance loss across nine multi-modal
benchmarks. This makes LVPruning a practical
solution for enhancing MLLM efficiency while pre-
serving performance in multi-modal tasks.

7 Limitations

While LVPruning shows significant promise in re-
ducing computational load, several limitations to
our study should be acknowledged. Our evaluation
has been conducted on a specific set of benchmarks.
The performance of LVPruningin real-world appli-
cations remains unexplored. Therefore, although
LVPruning is effective in reducing computational
overhead, it is crucial to consider the specific re-
quirements when applying this method to ensure
that essential visual information is not compro-
mised. Future research could involve evaluating the
performance of LVPruning with human feedback
to better understand its practical implications.
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A Benchmark Dataset Details

VQAvV2 (Goyal et al., 2017) includes approxi-
mately 11k test samples and focuses on visual
question answering, where models must answer
questions based on images depicting various real-
world scenes. GQA (Hudson and Manning, 2019),

with around 12k test samples, emphasises compo-
sitional reasoning through graph-structured anno-
tations, assessing a model’s ability to understand
object relationships. VisWiz (Gurari et al., 2018),
containing 8k test samples, presents accessibility
challenges with real-world images from visually
impaired users, which are often of low quality and
ambiguous, demanding robust model interpretation.
SciQA-IMG (Lu et al., 2022) consists of around
4k test samples, targeting science-related visual
question answering in specific domains. TextVQA
(Singh et al., 2019), with 5k test samples, focuses
on understanding and answering questions from
textual images. POPE (Li et al., 2023b) contains
approximately 9k test samples on three subsets:
random, common and adversarial. It evaluates a
model’s ability to predict human preference judge-
ments on hallucination of multimodal tasks. MM-
Bench (en) (Liu et al., 2023c), with around 4k test
samples, serves as a comprehensive benchmark
for evaluating general-purpose multimodal models
across various tasks, while MMBench (cn) (Liu
et al., 2023c¢) is its Chinese translation. LLaVA-
Wild (Liu et al., 2023b) has 60 test samples and
emphasises answering questions about complex,
in-the-wild images. Finally, MM-Vet (Yu et al.,
2024) includes 218 samples and is designed to
test multimodal capabilities across multiple visual
and language tasks, providing a robust evaluation
framework for emerging multimodal systems.
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