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Abstract

With the advancement of large-scale language modeling tech-
niques, large multimodal models combining visual encoders
with large language models have demonstrated exceptional
performance in various visual tasks. Most of the current large
multimodal models achieve this by mapping visual features
obtained from the visual encoder into a large language model
and using them as inputs alongside text for downstream tasks.
Therefore, the number of visual tokens directly affects the
training and inference speed of the model. There has been
significant work on token pruning for visual transformers, but
for large multimodal models, only relying on visual informa-
tion for token pruning or compression may lead to signifi-
cant loss of important information. On the other hand, the
textual input in the form of a question may contain valuable
information that can aid in answering the question, provid-
ing additional knowledge to the model. To address the po-
tential oversimplification and excessive pruning that can oc-
cur with most purely visual token pruning methods, we pro-
pose a text information-guided dynamic visual token recov-
ery mechanism that does not require training. This mecha-
nism leverages the similarity between the question text and
visual tokens to recover visually meaningful tokens with im-
portant text information while merging other less important
tokens, to achieve efficient computation for large multimodal
models. Experimental results demonstrate that our proposed
method achieves comparable performance to the original ap-
proach while compressing the visual tokens to an average of
10% of the original quantity.

Code — https://github.com/banjiuyufen/Recoverable-
Compression

Introduction
With the continuous development of deep learning and
semiconductor technology, large language models (LLMs)
(Brown et al. 2020; Ouyang et al. 2022; Jiang et al. 2023;
Touvron et al. 2023) have made amazing achievements in
natural processing language tasks. LLMs usually adopt a
Transformer structure with hundreds of billions of param-
eters and use large-scale text language materials for pre-
training. By scaling up data size and model parameters, the
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LLMs can better understand natural language and generate
high-quality text based on the given context.

The multimodal large language models (MM-LLMs) (Liu
et al. 2023a, 2024b; OpenAI 2023; Team et al. 2023) take
LLMs as the core and use this powerful language gener-
ation, zero-shot transfer, and context learning capabilities
to solve multi-modal tasks. Specifically, MM-LLMs use a
vision encoder, such as the NFNet-F6 (Brock et al. 2021),
Vision Transformer (ViT) (Dosovitskiy et al. 2021) and the
CLIP (Radford et al. 2021), to convert them into vision fea-
tures, align them with the text input of LLMs through the
projection layer, and finally concatenate the vision features
and text features into the LLMs.

Figure 1: The key areas of the same image under different
questions.

Due to the massive number of model parameters, both
training and inference of MM-LLM require significant com-
putational resources. While the vision encoder of MM-LLM
has relatively fewer parameters compared to the entire LLM,
subsequent LLMs contribute significantly to the computa-
tional demands. Therefore, there are two main approaches
to improve the efficiency of LLM. The first approach is
to directly use LLMs with smaller parameter sizes. By re-
ducing the number of parameters in the model, computa-
tional requirements can be significantly reduced, leading to
faster training and inference. The other approach is to re-
duce the output of the vision encoder. Since LLMs typically
employ Transformer structures, the computational cost of
Transformers often grows quadratically with the length of
the input context. By reducing the input length of LLMs,
the overall training and inference speed of the model can
be greatly improved. Both approaches offer potential solu-
tions for enhancing the efficiency of MM-LLM, allowing for
faster and more resource-efficient training and inference.

Previous research efforts have focused on the first method,
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which achieves a smaller number of parameters by replac-
ing the LLM backbone, such as Chu et al (Chu et al. 2023).
implemented MM-LLM for mobile devices by using LLM
backbones with 1.4B and 2.7B parameters. Yuan et al
(Yuan, Li, and Sun 2023). proposed TinyGPT-V, a new mul-
timodal large language based on small backbones. which can
be suitable for local deployment and inference tasks on vari-
ous devices with 8G graphics memory with the 2.8B param-
eter. However, as the LLM backbone becomes smaller, the
reasoning ability of LMM is sacrificed, resulting in a decline
in various performance results.

Recently, related works have used pruning methods to
achieve efficient inference of MM-LLM. For example, Wang
et al (Wang et al. 2024). integrated lightweight modules into
the original backbone to identify and remove redundant to-
kens and attention heads in each layer to accelerate the train-
ing and inference process of the model. Shang et al (Shang
et al. 2024). proposed an adaptive token pruning strategy to
reduce the number of vision tokens through clustering.

Given that MM-LLM often employ ViT structures in their
vision encoders, many pruning methods developed for ViT
models are also applicable to MM-LLM based on ViT en-
coders. However, relying solely on individual modality in-
formation during pruning can result in the loss of important
information in multimodal tasks and models. Additionally,
the textual modality contains valuable information that can
enhance the knowledge and assist in addressing questions
effectively (Ganz et al. 2024). Such as Figure1, even for the
same image, different questions correspond to different re-
gions of detail. Therefore, exploring how to combine vision
and textual modality information for pruning and achieving
efficient training and inference of MM-LLM is a valuable
and relevant research and application topic.

To achieve this, we propose a training-free semantic-
guided dynamic visual token recovery mechanism. Specif-
ically, we compute the similarity between visual tokens and
the question text, which serves as the basis for subsequent
token recovery guided by the question text. As the class to-
ken in the ViT represents the global representation of the
image, we calculate the similarity between the class token
and other visual tokens as a criterion to perform initial token
filtering. Next, we reclaim visual tokens with high text sim-
ilarity from the remaining visual tokens. Finally, we merge
the remaining unimportant tokens. In the above steps, the
dynamic scale filtering method is used to filter out important
tokens. We conducted experiments on multiple MM-LLM
evaluation datasets, and the results show that our proposed
method can achieve token compression to around 10% of
the original quantity while maintaining competitive perfor-
mance compared to the original model.

Our main contributions are summarized as follows:

• We propose a multimodal large language model token re-
covery mechanism. Unlike other pruning methods, our
approach goes beyond pruning and incorporates a sec-
ondary recovery of the remaining tokens to ensure that
important information is preserved as much as possible.

• By combining both modalities in the pruning process, our
method dynamically filters vision tokens that are crucial

for both modalities, enabling efficient inference in MM-
LLM. We achieved an average token compression rate
of 9x on multiple datasets while maintaining competitive
performance.

• Our training-free method offers simplicity and efficiency.
It can be easily implemented without the need for addi-
tional training.

Related Work
Vision Token Compression
Most MM-LLMs utilize a ViT-based vision encoder and a
Transformer Decoder-based LLMs. For the Transformer, the
computational complexity increases quadratically with the
token length in the self-attention layers. Therefore, by reduc-
ing the number of tokens obtained from the vision encoder
of MM-LLM, the computational efficiency of MM-LLM can
be significantly improved.

Currently, many researchers are working on achieving ef-
ficient ViT models, and token compression has become one
of the main research directions. Token compression can be
divided into token pruning and token merging strategies. To-
ken pruning involves evaluating the importance of different
tokens based on defined criteria, preserving important to-
kens, and discarding unimportant ones. For example, Rao
et al. (Rao et al. 2021) proposed a dynamic pruning method
that prunes redundant tokens gradually and dynamically at
each layer of the model based on the sparsity of visual at-
tention and estimates the importance scores of each token
using current features. Kong (Kong et al. 2022) and Xu (Xu
et al. 2023) went even further, suggesting that unimportant
tokens, should not be simply discarded but rather integrated
or further manipulated to avoid the problem of permanent
loss of image information caused by improper pruning.

Token merging combines similar tokens to discard unim-
portant background tokens and achieve efficient token com-
pression by merging foreground tokens. Chen et al. (Chen
et al. 2023) associated the loss function with the compres-
sion rate to automatically learn different token compression
rates for different layers, combining pruning and merging
simultaneously. To ensure the reliability of the merging pro-
cess, Long et al. (Long et al. 2023) considered both token
importance and diversity for pruning and further merged
similar tokens. Similarly, Lee et al. (Lee, Choi, and Kim
2024) also emphasized the need to consider diverse relation-
ships between tokens during token merging. They designed
multiple criteria to gradually fuse tokens, achieving the op-
timal balance between speed and accuracy.

For MM-LLMs, if we use methods designed specifi-
cally for ViTs that only consider visual modality for token
compression, some tokens containing important information
may be lost during the compression process, leading to a de-
crease in performance.

Enhancing MM-LLM with Text Information
Recently, research has focused on the beneficial impact of
textual information on MM-LLM. For instance, Ganz et al.
(Ganz et al. 2024) proposed a question-aware visual Trans-
former for multimodal reasoning, which directly embeds
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Figure 2: Overview of the proposed multimodal vision token recovery mechanism guided by text information framework. The
lower part shows the detailed framework of our proposed recovery mechanism.

question awareness into the visual encoder, allowing visual
features to pay more attention to image details relevant to the
posed questions. Cao et al. (Cao et al. 2024) discovered that
each modality has visual tokens that are important for their
respective modalities. Therefore, they proposed a modality
alignment-guided dynamic token pruning method to ensure
that pruned tokens are not important to any modality. Liu
et al. (Liu et al. 2024a) introduced content filtering mecha-
nisms and instruction filtering modules, which filter out vi-
sually irrelevant tokens and instruction-agnostic tokens re-
spectively, thereby enabling efficient model training and in-
ference for high-resolution images. Shi et al. (Shi et al. 2024)
proposed a token cross guidance mechanism for acceler-
ating visual language transformer, which combines tokens
adaptively in real-time during the inference process, signifi-
cantly reducing computational costs while maintaining high
performance. Based on the above work, we propose a con-
cept parallel to pruning and merging, called the token recov-
ery mechanism. This mechanism gets information from text
modalities to sort tags that have been pruned and discarded
by visual modalities. Then restore tokens with high semantic
similarity, ensuring that important semantic information can
be retained even after pruning. For the tokens filtered out in
the second round, we use KNN to merge them and add them
back to the previously selected tokens. This ensures that im-
portant information in the background is not discarded.

Method
Overview
To minimize the loss of important information during the
token compression process, we propose a text information-

guided dynamic visual token recovery mechanism. The
framework of this method is illustrated in Figure 2. Firstly,
the image and the question are separately encoded by visual
and text encoders, resulting in visual tokens and text embed-
dings. Then, these outputs are fed into the token recovery
module, which consists of four steps:

1. Visual Filter Calculate the similarity between the vi-
sual class token and other visual tokens, generating visual
scores. A dynamic scale filter algorithm is used to deter-
mine the threshold for the visual scores, and the top-k
tokens based on the threshold are selected as the visual
tokens with high scores.

2. Text Information Recovery Calculate the similarity
between the remaining tokens and the text embedding,
generating text scores. Similarly, use a dynamic scale
filter algorithm to determine the threshold for the text
scores, and select the top-k tokens based on the thresh-
old as the text tokens with high scores. This completes
the first round of semantic-guided dynamic recovery.

3. Secondary Recovery For the remaining tokens, apply
the KNN to perform clustering and merge each cluster
into a single token.

4. Token Merger Concatenate all the tokens obtained
from Steps 1, 2, and 3. It is worth noting that during the
training phase, LLMs are trained on input sequences ar-
ranged according to the original token order. As a result,
the input to LLM is highly sensitive to the sequence or-
der. It is important to keep the original order of tokens
when merging them from Steps 1 and 2.

Finally, the assembled visual tokens are projected into
the semantic domain of the LLM via a dedicated projection
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Figure 3: An example of visual and text scores distribution, where the box enclosed represents the area needed to be recovered
with text information.

layer, subsequently being fed into the LLM in conjunction
with the input text.

Multimodal Score
Visual Score In the ViT model, in addition to represent-
ing visual labels for image patches, a separate class label is
also introduced. Class labeling is obtained by aggregating
information from all visual labels using a global attention
mechanism, and it captures the global representation of the
image. Therefore, the dot product between class tags and vi-
sual tags can represent the importance of each visual token
relative to the global context of the image (Liang et al. 2022;
Chen et al. 2023). Specifically, we define Wcls as the repre-
sentation vector matrix for the class token and Wtoken as
the representation vector matrix for the other visual tokens.
Then, the visual score can be defined as:

Scorev = Softmax(
Wcls ·WT

token√
dWcls

). (1)

Where dWcls
represents the magnitude of Wcls (i.e., the

length of the vector).
Visual tokens with higher Scorev represent a stronger

correlation with the global features, indicating a higher sim-
ilarity to the overall image. Therefore, Scorev can be used
to measure the importance of each visual token in the visual
modality.

Text Score Similar to the visual modality, in a trans-
former model for the text modality, the model also learns
features for each text token and integrates them into a global
text embedding using the global attention mechanism, cap-
turing the global context of the text. The dot product be-
tween the text embedding and visual tokens can represent
the importance of each visual token relative to the global
context of the text. However, due to the modality gap be-

tween text and visual modalities, directly using the dot prod-
uct between each visual token and the text embedding as a
measure of text-visual similarity is not appropriate. There-
fore, we calculate the similarity between the projected visual
tokens and the text embedding. We define Wtext as the rep-
resentation vector matrix for the text embedding, Wtoken as
the representation vector matrix for the other visual tokens,
MLP represents a projection layer that aligns two modali-
ties, Then, the text score can be defined as:

Scoret = Softmax(
Wtext ·MLP (Wtoken)

T√
dWtext

). (2)

Where dWtext
represents the magnitude of Wtext (i.e., the

length of the vector).
First, we use Scorev to select the most important tokens

in the visual modality, ensuring the effectiveness of visual
information. Then, we use Scoret to recover the tokens that
were filtered out in the first step. This step aims to retrieve
the tokens that contain helpful information for answering the
question, which may have been lost during the initial filter-
ing. As shown in Figure 3, the tokens enclosed in the boxes
represent the visual score as zero but have relatively high
textual scores. These tokens may have a strong relevance
to the textual question and need to be recovered with the
text score. Finally, we apply the KNN to merge the remain-
ing tokens, ensuring that background and other contextual
information are not heavily lost. This is because in some
cases, background information also contains visually rele-
vant information that can be useful for answering the ques-
tion. Through these two rounds of token recovery, visual,
semantic, and background information are preserved more
comprehensively.
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Dynamic Scale Filter
After obtaining the similarity scores between the two modal-
ities, we conducted visual analysis as shown in Figure 3.
We normalized both visual and textual scores to the range
of [0, 1]. Both visual and textual scores exhibit prominent
data points that contain more valuable information for the
respective modality. By preserving the tokens corresponding
to these important data points and merging the remaining to-
kens, we can ensure the retention of as much complete and
valuable information as possible while reducing the number
of tokens. From a data distribution perspective, these data
points containing more valuable information can be consid-
ered outliers. Therefore, we transform the task of selecting
informative tokens into detecting outliers.

Due to the variation in content for each instance, it is
not reasonable to use a fixed threshold for outlier selection.
Some instances may contain a small number of important to-
kens, far below the fixed threshold, and using a fixed thresh-
old for selection would result in additional computational
overhead. On the other hand, some instances may contain
a large number of important tokens, far exceeding the fixed
threshold, and using a fixed threshold would lead to a loss
of significant information. Therefore, it is necessary for the
dynamic scale filtering method to dynamically adjust based
on the data distribution of each instance.

To dynamically detect the outliers that contain more valu-
able information, we utilized the Local Outlier Factor (LOF)
(Breunig et al. 2000). This is a classical density-based outlier
detection algorithm that computes the ratio of the density of
each data point to the density of its surrounding neighbor-
hood points.

Specifically, define the K-nearest neighbor distance,
which represents the distance between the k-th point and the
current data point P , denoted as dk(P ) = d(P,O). At this,
with P as the center and dk(P ) as the radius, we define a
circle. The range encompassed by this circle is called the K-
distance neighborhood, denoted as Nk(P ) = {d(P,O′) ≤
dk(P )}. Then, the reachable distance Reachdistk(O,P ) =
max{dk(O), d(O,P )} measures the density of the sur-
rounding points of P with respect to the neighboring point
O. According to the above, local reachability density can be
defined as:

LRDk(P ) =
1

(
∑

O∋Nk(P ) Reachdist(P,O))/|Nk(P )|
(3)

Based on Equation 3, the local outlier factor (LOF) can be
defined as:

LOFk(P ) =

∑
O∋Nk(P )

LRD(O)
LRD(P )

|Nk(P )|

=

∑
O∋Nk(P ) LRD(O)

|Nk(P )|
/LRD d(P )

(4)

For equation 4, the following conclusions can be drawn:{
LOFk(P ) ≤ 1, Other (Normal).
LOFk(P ) > 1, Important (Outlier).

(5)

By using this algorithm, we can identify the proportion of
tokens with exceptional scores (i.e., tokens containing more

valuable information) among all the tokens, enabling us to
perform the selection process.

Token Secondary Recovery
After extracting text information for recovery, most of the
remaining tokens are associated with the background of the
image. For some instances of the problem, the background
information is not useful. However, in other instances, the
background information may contain valuable insights for
problem-solving. Simply discarding these tokens would re-
sult in the loss of valuable information. To address this, we
employ the KNN algorithm to cluster the remaining tokens,
thereby performing a second round of token recovery that
preserves the background information.

As shown in Figure 4, for the remaining tokens after the
first round of recovery, we still use the dot product with cat-
egory tokens as the visual score. Then, we apply the same
approach as the previous section but with different param-
eters to filter outlier tokens. These outliers are considered
the initial cluster centers because they still contain relatively
high useful information within the remaining tokens. The
dot product between each pair of tokens is used as the dis-
tance metric during clustering. Finally, the tokens within
each cluster are merged.

Experiments
Datasets
We evaluated our method on the following publicly and
widely available multimodal datasets: ScienceQA (Lu et al.
2022), TextVQA (Singh et al. 2019), MME (Fu et al. 2023),
VQAv2 (Goyal et al. 2017), POPE (Li et al. 2023) and MM-
Bench (Liu et al. 2023b).

Implementation Details
All experiments were conducted in the PyTorch frame-
work on four NVIDIA 4090 24G GPUs. We utilized the
LLaVA1.5-7B with LoRA fine-tuning as our baseline. The
visual and text encoder is CLIP with ViT as the backbone,
where the input image size is 336x336 and the patch size is
14x14. It’s worth noting that we followed the CLIP pretrain-
ing approach for handling images of different resolutions,
directly resizing them to 336x336. The parameter k in LOF
is set to 20 in ScienceQA, TextVQA, and MMBench. In the
MME, VQAv2, and POPE k was set to 30, 90, and 30 re-
spectively. In the fine-tuning experiment, we used LoRA(Hu
et al. 2022) to fine-tune LLaVA1.5-7B and train one epoch
with the same data.

Ablation Study
Efficiency Analysis for Dynamic Scale Filter To verify
the effectiveness of the dynamic threshold, we conducted a
control experiment using the top k% tokens ranked by vi-
sual scores. The results are shown in Table 1. The ratio be-
tween the number of tokens used and the total number of
tokens is indicated in parentheses. In this experiment, the
dynamic threshold method has shown better performance
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Figure 4: Framework of secondary recovery mechanism based on visual and text information.

by dynamically selecting thresholds based on different in-
stances. Due to variations in the distribution of visual in-
formation across different instances, using a simple fixed
threshold for filtering would result in different losses for dif-
ferent instances. On the one hand, some instances can be ef-
fectively answered using a token count lower than the fixed
threshold, and having extra tokens in such cases would lead
to unnecessary computational overhead. On the other hand,
for certain instances, the model requires more tokens than
the fixed threshold to answer questions accurately, resulting
in information loss with a fixed threshold. By adopting the
dynamic threshold method, both scenarios can be avoided,
achieving a balance between the number of tokens and per-
formance.

Method ScienceQA TextVQA MME

Fixed 68.47 (5.7%) 54.20 (6.5%) 1139.2 (5.4%)

Dynamic 68.57 (5.7%) 54.60 (6.5%) 1146.9 (5.4%)

Table 1: The effectiveness of the dynamic scale filter.

Efficiency Analysis for Text Information To ensure the
effectiveness of text information, we conducted three com-
parative experiments, two of which were directly screened
based on visual scores, and the remaining using visual score
screening and recovery using text information. As shown in
Table 2. When using a similar proportion of token counts,
the method of utilizing text information for recovery demon-
strates better performance. Under the setting of utilizing text
information for recovery, using 8.7% of the token count
achieves better performance on all tasks compared to di-
rectly using visual scores for filtering with 10.2% of the to-
kens. This is because text information allows the model to
better focus on areas related to the question. There is also
an interesting observation that for the ScienceQA task, the
relationship between token count and performance is not in-
tuitive. This is due to the presence of redundancy and inter-
ference in tokens in this task, resulting in inconsistent trends
in token count and performance improvement.

Efficiency Analysis for Secondary Recovery Mechanism
To validate the effectiveness of the second recovery, we con-

Method ScienceQA TextVQA MME

Top 10.2% 68.52 (10.2%) 55.22 (10.2%) 1194.9 (10.2%)
Top 8.7% 68.72 (8.7%) 54.94 (8.7%) 1190.3 (8.7%)

Add Text 68.91 (8.7%) 55.33 (8.7%) 1196.9 (8.8%)

Table 2: The effectiveness of the text information.

Method ScienceQA TextVQA MME

Single 68.91 (8.7%) 55.33 (8.7%) 1196.9 (8.8%)

Second 69.01 (9.7%) 55.51 (9.9%) 1284.9 (9.2%)

Table 3: The effectiveness of the second recovery mecha-
nism.

ducted experiments with the same settings and parameters.
As shown in Table 3, the results demonstrate that further
performance improvement can be achieved by merging the
remaining tokens, as it helps capture beneficial information
from the background for certain instances.

Ratio ScienceQA TextVQA MME

5% 67.77 (4.5%) 51.04 (4.6%) 1187.9 (4.8%)

10% 69.01 (9.7%) 55.51 (9.9%) 1284.9 (9.2%)

50% 68.52 (49.5%) 56.14 (51.1%) 1301.8 (50.9%)

Table 4: The effectiveness of the compression ratio.

Efficiency Analysis for Compression Ratio To verify the
impact of different compression ratios on performance, As
shown in Table 4, We conducted comparisons at compres-
sion rates of approximately 5%, 10%, and 50%, The results
indicate that maintaining a compression rate of around 10%
can ensure both efficiency and performance simultaneously.

Main Results
To further validate the effectiveness of our method, we im-
plemented our approach based on LLaVA1.5 and conducted

2298



Method ScienceQA TextVQA MME VQAv2 POPE MMBench
BLIP-2 61.00 42.50 1293.80 41.00 85.30 -
InstrucBILP 60.50 50.10 - - - 36.00
InstrucBILP 63.10 50.70 1212.80 - 78.90 -
Shikra - - - 77.40 - 58.80
IDEFICS-9B - 25.90 - 50.90 - 48.20
IDEFICS-80B - 30.90 - 60.00 - 54.50
Qwen-VL 67.10 63.80 - 78.80 - 38.20
LLaVA-1.5 68.40 58.20 1476.90 79.10 86.40 66.10
Fine-tuning Method
LLaVA-PruMerge 68.50 56.00 1350.30 72.00 76.30 60.90
LLaVA-PruMerge+ 68.30 57.10 1462.40 76.80 84.00 64.90
CrossGET 66.70 54.90 1510.20 77.30 83.90 64.70
Chat-UniVi 59.96 - - - 73.10 -
Ours 68.72 56.16 1323.54 71.18 79.50 59.20
Training-Free Method
ToMe 50.00 45.30 1138.00 57.10 52.50 43.70
LLaVA-PruMerge 68.52 53.51 1191.50 65.90 70.70 56.78
Ours 69.01 55.51 1284.90 70.41 72.00 57.90

Table 5: Performance comparison with other multimodal models and pruning methods.

Method LLM
Backbone Quantization FLOPs

(T)
Prefill

Time (ms)
Total

Memory (G)
Storing

Activation (G)
LLaVA1.5 Vicuna-7B FP16 8.5 30.3 22.2 4.1
Ours Vicuna-7B FP16 1.5 9.2 14.4 0.49
LLaVA1.5 Vicuna-7B INT8 4.3 15.2 11.1 2.0
Ours Vicuna-7B INT8 0.8 4.6 7.2 0.24
LLaVA1.5 Vicuna-7B INT4 2.1 14.2 5.56 1.0
Ours Vicuna-7B INT4 0.4 2.6 3.6 0.12

Table 6: Comparison of computational costs on NVIDIA A100 GPU.

comparative experiments with other MM-LLMs and exist-
ing MM-LLM token pruning methods. The results are pre-
sented in Table 5.

According to the results, our method achieves usable per-
formance even when using only 10% of the average number
of tokens, especially in the ScienceQA and TextVQA. This
is because these two tasks require the model to focus more
on areas with high relevance to the problem text, which is
consistent with the expectation of our method. Using text
information to retrieve visual tokens with high similarity to
the problem, helps the model maintain good or even better
performance while reducing computational complexity. In
other tasks, our method shows a decrease in performance,
because these tasks require more raw visual features. As our
method is dynamic, we can control the number of raw vi-
sual tokens by adjusting the k in LOF to ensure competitive
performance. Compared to other training-free token prun-
ing methods for MM-LLM, our method demonstrates strong
competitiveness. Despite having a similar order of magni-
tude in terms of token count, our proposed method out-
performs others in performance. Compared with fine-tuning
methods, our method is still competitive. CrossGET is also
an acceleration method for text-visual modality interaction,
but unlike it, our method preserves the original visual tokens
highly associated with the text during pruning. Compared

with merged tokens, the model has a stronger understand-
ing of the original tokens, so our method performs better on
ScienceQA and TextVQA.

At the same time, we conducted fine-tuning experiments
under the setting of ensuring that the average number of
tokens used is 10% of the original number of tokens,
The experimental results indicate that our proposed method
achieved further performance improvements following fine-
tuning. Compared to LLaVA PruMerge, we achieved better
performance on most datasets when using a similar mag-
nitude of tokens. At the same time, our method does not
require specific hyperparameter tuning for the datasets and
demonstrates better generalization capabilities. Compared
to CrossGET, we narrowed the performance gap follow-
ing fine-tuning. When compared to the original LLaVA1.5-
7B, our method reduces computational overhead by 82%,
while CrossGET achieves a reduction of 31%. Furthermore,
compared to LLaVA-PruMerge+, the number of tokens we
utilized is half of theirs, yet we still achieved competitive
performance across multiple datasets. Chat-UniVi(Jin et al.
2024) is a unified vision-language model capable of compre-
hending and engaging in conversations involving images and
videos through a unified visual representation, which uses
the strategy in ToMe(Bolya et al. 2023), also try to com-
press visual token in MM-LMM. Compared to it and ToMe,
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our method exhibits better performance. This stems from the
fact that our method is tailored for large multimodal models,
simultaneously considering crucial information from both
the visual and text modalities.

We analyze the computational cost of our method using an
open-source tool (Yuan et al. 2024) on the NVIDIA A100
GPU. Assuming the text input length of 60. As shown in
Table 6, compared with the base model, our method sig-
nificantly reduces computational and memory consumption
while ensuring good usability performance.

Visualization

Figure 5: Visualization results of tokens with visual/text
scores. The red box represents the tokens corresponding to
the answer.

As shown in Figure 5, The tokens used for visual score
screening are disorganized and do not contain the image
regions corresponding to the final answer. The tokens col-
lected for text information recovery are orderly, concen-
trated in regions related to the question, and include the
regions contained in the answer. This indicates that our
proposed method can recover lost important information
through textual information.

Conclusion
In this paper, we propose a multimodal visual token recov-
ery mechanism guided by text information, which retains as
much information as possible by reclaiming important vi-
sual tokens through textual information. Additionally, it con-
solidates background information using KNN to achieve ef-
ficient inference in MM-LLM. Our approach achieves com-
petitive performance on multiple tasks and provides valuable
insights and methods for efficient MM-LLM.

Limitation
There is still room for improvement in the performance of
our method, we will enhance its performance further and
adapt this in multiple rounds of VQA tasks in the future.
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