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Abstract

Multimodal large language models (MLLMs) demand con-
siderable computations for inference due to the extensive pa-
rameters and the additional input tokens needed for visual
information representation. Herein, we introduce Visual To-
kens Withdrawal (VTW), a plug-and-play module to boost
MLLMs for rapid inference. Our approach is inspired by two
intriguing phenomena we have observed: (1) the attention
sink phenomenon that is prevalent in LLMs also persists in
MLLMs, suggesting that initial tokens and nearest tokens re-
ceive the majority of attention, while middle vision tokens
garner minimal attention in deep layers; (2) the presence of
information migration, which implies that visual information
is transferred to subsequent text tokens within the first few
layers of MLLMs. As per our findings, we conclude that vi-
sion tokens are unnecessary in the deep layers of MLLMs.
Thus, we strategically withdraw them at a certain layer, en-
abling only text tokens to engage in subsequent layers. To pin-
point the ideal layer for VTW, we initially analyze a limited
set of tiny datasets and choose the first layer that meets the
Kullback-Leibler divergence criterion. Our VTW approach
can cut computational overhead by over 40% across diverse
multimodal tasks while maintaining performance.

Code — https://github.com/Izhxmu/VTW

Introduction

In recent years, major progress has been made in gen-
erative Al with the development of large language mod-
els (LLMs) (Achiam et al. 2023; Team et al. 2023; Tou-
vron et al. 2023a). Multimodal large language models
(MLLMs) (Liu et al. 2023b; Li et al. 2023a; Liu et al. 2024)
combine vision encoders, like CLIP (Radford et al. 2021), to
extract visual features, enhancing LLM’s reasoning abilities
for complex tasks like visual question answering (VQA) (Lu
et al. 2022; Kembhavi et al. 2016) and visual reasoning (Yue
et al. 2023; Liu et al. 2023c; Fu et al. 2023).

However, MLLMs entail high inference cost due to their
billions of parameters and their computational cost quadratic
increases with the length of the input sequence. Converting
a high-resolution image into vision tokens further increases
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Figure 1: (a) An instance from POPE (Pope et al. 2023) with
red box indicating key area for answering the question. (b)
In FastV, some genuinely important tokens like “bottle” are
pruned, while unimportant tokens like “cake” are preserved.

the inference cost (Liu et al. 2024). The high inference cost
of MLLMs hinders their applicability in real-time scenarios.

Recent methods (Shang et al. 2024; Chen et al. 2024) aim
to reduce the computational cost of MLLMs through token
reduction. The primary goal is to keep so-called “important”
tokens based on predefined metrics and remove or merge the
rest. However, these approaches have some shortcomings
that need to be addressed. (1) Lack of flexibility. Methods
like LLaVA-PruMerge (Shang et al. 2024) employ identical
vision tokens to represent an image for different questions
in VQA. However, for datasets like MME (Fu et al. 2023),
POPE (Li et al. 2023b), and AI2D (Kembhavi et al. 2016),
numerous questions are associated with the same image,
each focusing on a distinct area of the image, as illustrated
in Figure 1(a). Thus, LLaVA-PruMerge cannot dynamically
adjust the important tokens based on the questions, leading
to a lack of flexibility and a significant accuracy drop of
160.4 on MME benchmark. (2) Incomplete importance met-
ric. Almost all methods necessitate the design of an impor-
tance metric for token reduction, such as cross-modal guid-
ance for CrossGET (Shi et al. 2023) and attention score for
FastV (Chen et al. 2024). However, there is limited theo-
retical evidence to establish which importance metric is the
optimal. A low importance score for a token does not neces-
sarily indicate that the token is unimportant. Moreover, some
genuinely important tokens are pruned in these methods,
as illustrated in Figure 1(b). Thus, designing a comprehen-
sive importance metric to determine which tokens are im-
portant is challenging. (3) Incompatibility with KV Cache.
KV Cache (Pope et al. 2023) is an essential approach for
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Figure 2: The framework of our method. Vision tokens are
withdrawn in the K'-th layer of large language models.

speeding up MLLMs decoding by storing prior tokens’ Key
and Value states. FastV dynamically prunes partial vision
tokens after a particular layer, with retained tokens varying
for each auto-regressive prediction. Thus, the cached KV of
previous tokens cannot be reused because the retained vision
tokens change with each prediction. To use KV Cache to
speed up the decoding stage, all KV Cache of vision tokens
must be maintained in the initial prediction process. How-
ever, this leads to memory occupation for pruned tokens and
reduces the memory benefit of token reduction. (4) Inconsis-
tency with Flash-attention. FastV necessitates the retention
of attention score for pruning unimportant visual tokens ef-
fectively. Conversely, Flash-attention (Dao et al. 2022), de-
spite its prevalent adoption, lacks the functionality to store
the required attention scores for FastV. Since Flash-attention
is used a lot, this limits how useful FastV can be. Therefore,
current methods don’t fully meet the practical acceleration
needs of MLLMs for various complex multimodal tasks.

Driven by the above analysis, we recognize that instead of
being stuck in figuring out individual solutions to address the
above shortcomings, a more comprehensive approach would
be to withdraw all vision tokens after a specific layer. In do-
ing so, all vision tokens are preserved within the first few
layers of MLLMs, ensuring flexibility across various multi-
modal tasks. Second, there is no need to design a compre-
hensive importance metric for selecting crucial tokens, thus
avoiding the unintentional removal of important vision to-
kens. Third, this approach is compatible with KV Cache be-
cause all vision tokens are preserved and removed simulta-
neously. Finally, there is no need to store attention score for
pruning unimportant vision tokens, thus this approach aligns
well with Flash-attention. We conduct a thorough analysis
to explore the possibility of removing all vision tokens after
a specific layer. In particular, we perform extensive visual-
izations and uncover some intriguing phenomena: (1) The
attention sink phenomenon in LLMs (Xiao et al. 2023) per-
sists in MLLMs, where initial and nearest tokens gain the
most attention, while middle vision tokens receive minimal
attention. (2) As the number of generated tokens increases,
vision tokens receive less attention, while text tokens gar-
ner more attention. These results are attributed to the causal
self-attention operation in LLMs, which only allows tokens
to attend to preceding tokens, ensuring the model’s gener-
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ation depends on preceding content. As a consequence of
this operation, information from visual tokens migrates to
subsequent text tokens through several layers of attention
transformation. Therefore, the latest token tends to pay pro-
gressively less attention to vision tokens and more attention
to text tokens in the deeper layers and when there are more
and more generated text tokens.

In this paper, we boost MLLMs with a Visual Tokens
Withdrawal (VTW) strategy for rapid inference. Given that
vision tokens become less crucial in deep layers of LLMs
and their information has already been absorbed by the sub-
sequent text tokens, we propose withdrawing them in the
deep layers. VITM implements a visual tokens withdrawal
approach at a specific layer of MLLMs, as illustrated in Fig-
ure 2. Before this layer, computations proceed as usual; after
this layer, vision tokens are removed, and only text tokens
participate in the computation of deep layers. To determine
the withdrawal layer, we sample a small subset of datasets.
Then, we calculate the Kullback-Leibler (KL) divergence
between the output logits of the standard decoding and the
visual tokens withdrawal decoding in each layer. Finally, we
select the first layer that meets the KL divergence criterion
as the vision token withdrawal layer.

We carry out extensive experiments on various multi-
modal tasks, such as visual question answering (Kem-
bhavi et al. 2016; Lu et al. 2022), hallucination evalua-
tion (Li et al. 2023b), visual reasoning (Yue et al. 2023;
Fu et al. 2023) and video understanding (Jang et al. 2017;
Fu et al. 2024) to show the efficacy of our VTW. Notably,
VTW can reduce over 40% FLOPs on AI2D (Kembhavi
etal. 2016), SQA _image (Lu et al. 2022), MMMU _Val (Yue
et al. 2023), MMB_EN (Liu et al. 2023c), POPE (Li et al.
2023b), MME (Fu et al. 2023), TGIF (Jang et al. 2017),
and VideoMME (Fu et al. 2024) without compromising per-
formance. Also, VTW is applicable to the multimodal chat-
bot (Liu et al. 2023b) to achieve accelerated inference with
imperceptible differences in the answers.

Related Work
Multimodal Large Language Models

Large Language Models (LLMs) like GPT (Achiam et al.
2023), Gemini (Team et al. 2023), and LLaMA (Touvron
et al. 2023a,b) have transformed natural language process-
ing. They’ve been improved to understand not just text, but
also images, video, audio, efc. LLaVA (Liu et al. 2023b,a)
combines a CLIP visual encoder (Radford et al. 2021) with
a LLaMA language decoder (Liu et al. 2023b), making it
good at following instructions and understanding images.
Video-LLaMA (Lin et al. 2023a) endows videos and sounds
understanding, improving how it processes different types
of information. However, these MLLMs use a lot of tokens
to process information from different sources. For exam-
ple, LLaVA (Liu et al. 2023b) uses 576 vision tokens for a
336 x 336 image, which escalates for higher-resolution im-
ages. This becomes a bigger issue in Video-LLaMA (Lin
et al. 2023a) and LLaVA-NeXT (Liu et al. 2024). While
MLLMs perform well, the high computational cost, which
quadratically grows with a token number, is a big challenge.



Vision Token Reduction

Token pruning (Rao et al. 2021; Xu et al. 2022; Liang et al.
2022) and merging (Bolya et al. 2023; Marin et al. 2021) di-
rectly reduce the number of tokens, thereby decreasing the
inference time and memory usage. EViT (Liang et al. 2022)
and Evo-ViT (Xu et al. 2022) fuse non-critical tokens into a
single token for token reduction. ToMe (Bolya et al. 2023)
employs a binary soft-matching algorithm to merge redun-
dant tokens, while Token Pooling (Marin et al. 2021) utilizes
clustering for token merging. DiffRate (Chen et al. 2023b)
and PPT (Wu et al. 2023) unify token pruning and merging
to dynamically reduce redundant tokens. In MLLMs, Cross-
GET (Shi et al. 2023) and MADTP (Cao et al. 2024) in-
troduce special tokens to align tokens of different modali-
ties and use these special tokens to guide token reduction.
Qwen-VL (Bai et al. 2023), LLaVA-UHD (Guo et al. 2024),
and LLaMA-VID (Li, Wang, and Jia 2023) use query to-
kens via cross attention to reduce vision tokens. LLaVA-
PruMerge (Shang et al. 2024) leverages the visional spatial
redundancy and proposes a token reduction module that em-
ploys the similarity between the class token and spatial to-
kens as a key criterion for pruning and merging vision to-
kens. It is observed that most image tokens receive ineffi-
cient attention after the second decoder layer (Chen et al.
2024), thus half of the image tokens can be safely removed.

Methodology
Motivations

MLLMs typically comprise a pre-trained vision encoder,
a cross-modal projector, and a pre-trained large language
model (LLM). Herein, we utilize LLaVA (Liu et al. 2023b),
a recent SOTA method, to illustrate the architecture.

The vision encoder, such as CLIP ViT-L (Radford et al.
2021), extracts visual features from an input image. These
visual features are represented as a set of token sequences,
referred to as vision tokens. Then, a cross-modal projec-
tor transforms these vision tokens into the text embedding
space, aligning the outputs of the vision encoder with the
LLM. The core is a pre-trained LLM, such as Vicuna (Chi-
ang et al. 2023), which is tasked with understanding the mul-
timodal context and providing an appropriate response. The
integration of these components enables MLLMs to process
and interpret both textual and visual data, providing a more
comprehensive understanding of the inputs.

MLLMs require significant computational resources for
inference, with the bulk of the computation being attributed
to the LLM, given that the size of the visual encoder, such
as ViT-L (0.3B), is much smaller than the LLM, such as Vi-
cuna (7B or 13B). In MLLMs, the main computation for a
decoder layer comes from multi-head attention (MHA) and
feed-forward network (FFN). Assuming the input sequence
length is s, the hidden embedding size is h, and the FFN
up-scaling factor is 4, the computational complexity for a
transformer decoder layer is (Chen et al. 2023a,b, 2024):

QMHA 4+ FFN) = 25%h + 12sh?, 1))

where computational complexity is quadratically influenced
by the input length s. Therefore, efficient token management
is crucial for optimizing the efficiency of MLLMs.
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Figure 3: The illustration for the input of a multimodal large
language model. The input tokens are composed of system
tokens, vision tokens, instruction tokens, and output tokens.

The input tokens of LLaVA in Figure 3, consist of system
tokens, vision tokens, instruction tokens, and output tokens.
The system tokens are derived from fixed system prompts,
which establish a dialogue system for LLaVA. Meanwhile,
the instruction tokens originate from users, which specify
the query question for the given image. In Figure 3, LLaVA
preprocesses the input from various modalities and then con-
catenates all these tokens to form the inference input as:

X{ =[S1,V1, L, 0], 2

where X! is inputs of the i-th layer in the ¢-th inference. S,
V1, and I; denote system tokens, vision tokens, and instruc-
tion tokens, with O! being the output tokens and O) = ¢.

The quantity of instruction tokens varies depending on
user instructions and is generally fewer than the number of
vision tokens. Vision tokens dominate the computation dur-
ing inference by comprising the majority of input tokens.
Recent works (Chen et al. 2024; Shang et al. 2024) have
attempted to reduce computation by decreasing the num-
ber of vision tokens. However, these methods suffer from
limited flexibility, incomplete importance metric, incompat-
ibility with KV Cache, and inconsistency with the Flash-
attention, as elaborated in the introduction.

Unnecessity of Vision Tokens in Deep Layers of
MLLMs

Given that input tokens X! consist of various types of
tokens, it is natural to question whether the contribu-
tion of each token type to the prediction of the out-
put token is equal or proportional to their size. Inspired
by StreamingLLM (Xiao et al. 2023), we opt for atten-
tion scores as the evaluation metrics. Specifically, attention
scores are derived from the causal self-attention operation
within a decoder layer in LLMs. In the ¢-th causal self-
attention layer, the hidden feature Xit is transformed into
queries Qf, keys K, and values V; using three distinct
learnable projection matrices. Consequently, the causal self-
attention, abbreviated as CSA, can be expressed as:

CSA(Q:L K[, Vi) = Ai- V], (3)
t g tT
where attention map A! = Softmax(QiKii\/ElH\) and d is the

hidden size of LLM. A is an upper triangular matrix where
non-zero values are set to —inf and diagonal elements are
set to 0. Here, for simplicity, we omit the expression of
multi-head causal self-attention. We select the last row of
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Figure 4: The output token’s attention towards various in-
put token types across different layers on a combined subset
of AI2D (Kembhavi et al. 2016), MMMU_Val (Yue et al.
2023), MME (Fu et al. 2023), and POPE (Pope et al. 2023)
(100 samples from each dataset). The attention values are
averaged across all attention heads and output tokens.

A? as the attention score o, given that only the final token
is utilized to predict the output token in an auto-regressive
manner. Based on the positions of system tokens, vision to-
kens, instruction tokens, and output tokens, we categorize aﬁ
t,sys t,vis t,ins t,out

i i . »and o Then, we atggregatf: the
attention scores of each input type, resulting 3;°°Y%, 3,"**,
BL™ and BY°"". These variables denote the contributions
of each input type to the output prediction.

We visualize 3 towards various input token types across
different layers in Figure 4 and across different output tokens
in Figure 5. Here are the main points: (1) In the initial layers,
attention to system tokens increases sharply, while attention
to vision tokens decreases sharply. In the middle and deeper
layers, almost all the attention (80% or more) goes to just 35
system tokens, while 576 vision tokens get only 5%. (2) As
more output tokens are produced, the model focuses less on
vision tokens and more on these output tokens.

The “attention sink” idea from LLM (Xiao et al. 2023)
helps us understand how attention changes for system tokens
in different layers. In the first few layers, the output token
interacts with all other tokens through causal self-attention
to accumulate semantic information. Consequently, the at-
tention directed towards system tokens is minimal due to
their limited semantic content. In the deep layers, the out-
put token possesses sufficient self-contained information for
its prediction. However, owing to the nature of the softmax
function, which cannot assign zero attention to undesired to-
kens, the output token will mostly focus on tokens with min-
imal semantic information, such as system tokens, to avoid
incorporating undesired information from other tokens.

into o ,Q ,Q

To explain why instruction tokens and output tokens re-
ceive greater attention than vision tokens, we introduce “in-
formation migration.” Due to causal self-attention, tokens
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Experimental Setting Score

LLaVA-1.5-7B 1866.10

(a) w/o image 970.89
(b) w non-content image at 1st—16-th layers 845.39
(c) w original image at 1st—16-th layers 1872.43

Table 1: The ablation study on MME (Fu et al. 2023) under
various experimental settings. In both (b) and (c), we remove
vision tokens in the last 16-th layer of LLaVA-1.5-7b. “non-
content ”” denotes a misleading image full of white area.

can attend only to preceding tokens. Instruction and output
tokens can attend to all vision tokens, while vision tokens
cannot attend to instruction tokens or output tokens. After
multiple transformations of causal self-attention layers, in-
struction and output tokens absorb both visual and textual
information, attracting more attention from output tokens.
To verify that the information migration is completed
within the first few layers of MLLMs, we design abla-
tion studies using LLaVA-1.5-7B on MME benchmark. As
demonstrated in Table 1, without any visual information, the
score of LLaVA-1.5-7B decreases to 970.89, emphasizing
the significance of visual information in evaluation. Inter-
estingly, MLLMs can handle certain questions using only
textual information, as evidenced by a total score of 970.89.
By comparing the results of (a), (b), and (c), we observe that
MLLMs achieve comparable results with baseline in the (c)
setting since the correct visual information has migrated to
the subsequent text tokens before 16-th layer. Besides, (b)
yields a lower score than (a), as the misleading visual in-
formation has migrated to the subsequent text tokens before
16-th layer. These findings strongly support the occurrence
of information migration within the initial layers of MLLMs.
Thus we can conclude that the vision tokens are unnec-
essary in the deep layers of MLLMs, as the information of
vision tokens has migrated to following text tokens within
the first few layers of MLLMs. Therefore, it is justifiable to
withdraw all vision tokens in a specific layer of MLLMs.

Visual Tokens Withdrawal

We review the standard inference process of MLLMs, fol-
lowed by a comprehensive introduction to incorporate visual
tokens withdrawal into the MLLMs framework.

Remember that the symbol X! represents the input of the
t-th layer during the ¢-th inference pass of MLLMs, as in
Eq. (2). The LLM employs an N-layer transformer architec-
ture decoder to effectively predict output tokens:

X1 = Din(X7),

X4 = [XE P(X ) @
where D;.;(-) denotes decoder layers from layer 4 to layer j.
The P(-) predicts subsequent output tokens and calculates
their embeddings by taking hidden features as input.
Keeping in mind that the vision tokens are not necessary
in the deep layers of MLLMs due to the information migra-
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Figure 5: The output token’s attention towards various input token types across output tokens. Our visualization is conducted on
a subset of AI2D (Kembhavi et al. 2016), MMMU _Val (Yue et al. 2023), MME (Fu et al. 2023), and POPE (Pope et al. 2023)
(20 samples from each dataset). The attention is averaged across all attention heads and layers.

tion, we proceed to withdraw these tokens at the K'-th layer:
X;( = Dl:K—l(X{)7
Xl =Xt - Vi,
th\rﬂ = DK:N(XIt()-

In other words, before reaching the K-th layer, computa-
tions carry on as usual; However, after the K -th layer, vision
tokens are withdrawn, leaving only text tokens to engage in
the computation of deep layers. Figure 2 depicts an example.

Given the various variants and architectures of MLLMs,
such as LLaVA-1.5-7B/13B (Liu et al. 2023b) and LLaVA-
NeXT-7B (Liu et al. 2024), it is important to note that more
complex tasks may require additional layers to process vi-
sion tokens for accurate predictions. Consequently, the op-
timal withdrawal layer K varies depending on the specific
MLLMs and tasks at hand. To determine the appropriate
value for K, we randomly sample a tiny subset of the target
datasets for guidance. From Figure 4 that vision tokens re-
ceive minimal attention after layer 5, we enumerate K with
values ranging from 5 to N and compute the KL divergence
between the standard output logits and the VTW’s output
logits. We then select the first layer that satisfies the crite-
rion as the withdrawal layer K:

KL(lmhead(XN+1)a lmhead(XN+1)) <, 6)

where, K L(-) shows KL divergence, lmpeqq(-) is the LLM
project head, Xy and X4 are calculated by Eq. (4) and
Eq. (5) , and 7 denotes the threshold.

&)

Experimentation

Experimental Setting

VTW serves as a seamless extension to off-the-shelf pre-
trained MLLMs, requiring no extra training cost. We ap-
ply VIW to popular open-source MLLMs, such as LLaVA-
1.5 (Liu et al. 2023b), LLaVA-NeXT (Liu et al. 2024), and
Video-LLaVA (Lin et al. 2023b). We conduct comprehen-
sive experiments across a multitude of multimodal tasks,
such as VQA (Kembhavi et al. 2016; Lu et al. 2022), hal-
lucination evaluation (Li et al. 2023b), visual reasoning (Fu
et al. 2023; Yue et al. 2023; Liu et al. 2023c¢), and video un-
derstanding (Fu et al. 2024; Jang et al. 2017). We use Imms-
eval (Bo Li et al. 2024) and VLMEvalKit (Duan et al. 2024)
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to evaluate MLLMs on different datasets. In our setup, the
tiny subset size was set to 20, and the threshold n was set
to 0.003. For the multimodal chatbot, we withdraw vision
tokens at the intermediate layers of MLLMs.

What is in the photo?

&
L0
The photo features a horse standing in a field near a large body of
e water, such as a lake or a river. There are also sheep in the scene,
grazing in the area.
d )
The photo features a beautiful mountain lake with a stunning
backdrop of snow-capped mountains. There is also a horse and a
@ sheep grazing near the lake.
©
‘What color is that horse? )
AL-h

N

@Y
(=)

The horse in the photo is brown.

(IT

The horse in the image is brown.

¢

Q'
;’@;‘ LLaVA-1.5-7B @ LLaVA-1.5-7B-VTW

Figure 6: Dialogue comparison between baseline and VTW.

Multimodal Chatbot

We aim to boost the chatbot’s response speed without com-
promising response quality. We compare the responses of
MLLM:s before and after applying VTW in Figure 6. We can
see that the chatbots equipped with our VTW maintain their
ability to produce the correct and similar outcomes com-
pared to standard chatbots, despite lacking vision tokens in
the deep layers. This highlights VTW’s success in accelerat-
ing the chatbot’s responses while holding its performance.

Quantitative Evaluation

Visual Question Answering (VQA). In VQA, MLLMs
interpret images before answering questions. We test our



Methods TFLOPs | AI2D 1 SQA_Imgt MMMU_Val t MMB_EN 1 POPE+ MME
LLaVA-1.5-7B 8.48 (100.00%) 5521 69.61 35.60 64.09  85.83 1866.10
+ FastV 4.91 (57.90%) 55.14  68.96 35.80 6426 8249 186435
+Rand (K=16) 4.68 (55.19%) 4.40 9.07 29.30 0.52 8222 139.42
+ VTW1 (K = Random[8,24]) ~4.68 (~55.19%) 5536  69.21 36.10 55.61 76.05 174134
+ VTW (K=16) 4.68 (55.19%) 5544  69.66 36.30 64.00 8596 1872.43
LLaVA-1.5-13B 16.50 (100.00%)  59.26  72.83 34.90 68.73  86.02 1827.26
+ FastV 9.56 (57.94%) 58.87  173.03 34.60 6830  85.15 1855.11
+Rand (K=20) 9.10 (55.15%) 2.49 7.93 25.80 0.94 83.78 41.74

+ VTWT (K = Random[12,28]) ~9.10 (~55.15%) 5835  71.99 34.20 62.02 7506 1661.36
+ VTW (K=20) 9.10 (55.15%) 59.39  72.88 34.90 68.81 8593 1828.79
LLaVA-NeXT-7B 28.73(100.00%) 6531  70.15 35.30 67.18  86.44 184633
+ FastV 15.67 (54.54%) 64.86  68.96 35.70 66.84 8598 1786.17
+Rand (K=16) 14.80 (51.51%) 0.84 3.37 24.30 00.17  80.00 18.97

+ VIW+t (K = Random([8,24]) ~14.80 (~51.51%) 64.54  69.86 35.40 59.28 7573 1723.65
+ VTW (K=16) 14.80 (51.51%) 6535  70.00 35.70 67.18 8633 1857.35

Table 2: Comparison of various training-free methods for accelerating MLLMs inference. SQA_Img, MMMU _Val, and
MMB_EN originate from ScienceQA (Lu et al. 2022), MMMU (Lu et al. 2022), and MMBench (Liu et al. 2023c), respec-
tively. For a fair comparison, we manually set K as 16 to keep VIW’s FLOPs lower than FastV (Chen et al. 2024). We use
the average input length on MME to calculate TFLOPs. VTW drops vision tokens in a random deep layer K. Rand randomly
discards the same number of input tokens as the visual tokens. We employ bold formatting to highlight the best result.

VTW method on two popular VQA datasets: AI2D (Kem-
bhavi et al. 2016) and SQA _image (Lu et al. 2022). Table 2
shows that VTW outperforms FastV and uses fewer FLOPs
across different MLLMs. It also achieves lossless accelera-
tion compared to the baseline, with nearly half the FLOPs.
Notably, VTW outperforms the baseline by utilizing visual
data in shallow layers and avoids excessive attention to irrel-
evant information that is considered noise.

Visual Reasoning. Visual reasoning demands heightened
perception, knowledge, and reasoning capabilities from the
model compared to VQA. We select MMMU _Val (Yue et al.
2023) and MMB_EN (Liu et al. 2023c) as our benchmarks
for evaluation. The results presented in Table 2 demonstrate
that VTW achieves comparable or even superior perfor-
mance to the baseline and FastV, with fewer FLOPs.

Hallucination Evaluation. Hallucinations can degrade
MLLMs performance and severely impact user experi-
ences in real-world applications. We conduct experiments
on POPE (Li et al. 2023b) to investigate the impact of VITW
on hallucinations. As illustrated in Table 2, VTW achieves
comparable performance to the baseline. Conversely, FastV,
which removes vision tokens after the second layer, exacer-
bates MLLMs’ hallucinations, suggesting that premature re-
moval of vision tokens exacerbates MLLMs hallucinations.

Comprehensive Evaluation. MME (Fu et al. 2023) ac-
cesses both perception and cognition across a total of 14 sub-
tasks such as OCR, object localization, and attribute recog-
nition. In Table2, VITW demonstrates comparable perfor-
mance to the baseline in a comprehensive benchmark, show-
ing its excellent generalization ability in fine-grained tasks.

Comparisons with Other VITW variants. In Table?2,
Rand shows a significant drop in performance across all
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TGIF VideoMME

Model FLOPs Ace  Overall Avg
Video-LLaVA  100.00% 0.25 0.30 0.28
+ FastV 53.13% 0.21 0.30 0.26
+ VIW (K=16) 50.00% 0.27 0.30 0.29

Table 3: Results on Video Question Answering Tasks. We
only calculate vision tokens’ FLOPs.

tasks, indicating that removing text tokens greatly impacts
performance. VTW7T shows that removing visual informa-
tion too early affects performance. VTW removes vision to-
kens in a proper layer, leading to the best performance.

Video Understanding. We provide the results of VTW on
different video question answering tasks (TGIF (Jang et al.
2017) and VideoMMe (Fu et al. 2024)) in Table 3. VTW can
generalize well in these video tasks and remain comparable
to the baseline and FastV even with fewer FLOPs.

Cost Analysis

The GPU memory overhead and latency comparisons be-
tween original MLLMs, FastV and VTW(K = 16) are pre-
sented in Table4. We observe that during the inference of
MLLMs, VTW reduces the GPU memory overhead by 35%
for each sample, while FastV needs to store all image to-
kens’ KV Cache during the first forward, leading to a high
peak GPU memory. Furthermore, VTW reduces FLOPs by
nearly half and the latency per sample to approximately
0.63x in comparison with the baseline models.

Downstream Task

To evaluate whether VIW is still workable in pixel-level
fine-grained task, we apply it to LISA (Lai et al. 2023)



Metric Baseline FastV VTW
KV Cache v v v
Flash Attention v X v
(a) Model GM 141G 141G 14.1 G (1.00%)
(b) Peak Inference GM  17.1G 17.1 G 16.1 G (0.94x)
(b)-(a) Per Sample GM 31G 3.1G 2.0G (0.65x%)
TFLOPs 229 129 123 (0.54%)
Latency/Example 052s 040s 0.33s(0.63x)

Table 4: The comparisons of practical GPU memory over-
head and latency of LLaVa-NeXT-7B in SQA _Image on one
NVIDIA RTX 3090. GM stands for GPU memory.
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Figure 7: VTW’s results on the segmentation task.

which uses MLLMs for segmentation task. As visualized in
Figure 7, VTW does not degrade the segmentation ability
of LISA, showing its excellent generalization ability in the
fine-grained downstream task.

Ablation Studies
We conduct ablations using LLaVA-1.5-7B on SQA _Image.

Ablations on Visual Tokens Withdrawal Layers. As de-
picted in Figure 8(a), a small value of K, indicating an early
withdrawal of vision tokens, leads to a degradation in the
performance of MLLMs. When K exceeds a specific layer
number, VITW performs similarly to the baseline. This ob-
servation further proves that vision tokens are unnecessary
in the deep layers of MLLMs.

Ablations on Threshold 7. Recall that we use KL diver-
gence to determine the withdrawal layer K on a tiny sub-
set of target datasets, as formulated in Eq. (6). As depicted

—— LLaVA-1.5-7B
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Figure 8: Ablation study on visual tokens withdrawal layer
K. (a) Accuracy v.s. K; (b) KL divergence v.s. K.
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i 0.006 0.005 0.004 0.003 0.002 0.001
K 12 13 14 15 15 15
Accuracy 69.01 69.26 69.46 69.70 69.70 69.70

Table 5: Ablation study on threshold 7.

Position embedding SQA_Image MMMU_Val POPE

LLaVA-1.5-7B 69.61 35.60 85.83
Rearrange 69.56 35.90 85.41
Keep 69.66 36.30 85.96

Table 6: Ablation study on position embedding. “Rearrange”
and “Keep” mean to rearrange and keep the position embed-
dings of remaining tokens after withdrawing vision tokens.

in Figur 8(b), the KL divergence is large when K is small,
and it converges as K exceeds a specific threshold. Combin-
ing the results from Figure 8 and Table 5, we observe that
when the KL divergence converges, the accuracy of VITW
also converges to that of the baseline. Thus, we select KL as
our criterion for determining the withdrawal layer K.

Ablations on Position Embedding. LLMs use position
embeddings (PE) to model the positional relationships be-
tween tokens. After withdrawing vision tokens, the PE of the
remaining text tokens can either be kept as is or rearranged
for contiguous positions. As shown in Table 6, “Keep” out-
performs “Rearrange” in VIW across different datasets.

Limitations and Future Works

We are the first to find information migration happens in the
initial layers of MLLMs. However, more complex tasks may
need additional layers for this migration. Thus, the reduction
in FLOPs is relatively marginal for complex tasks compared
to simpler ones. Future works can try to apply VTW in the
training stage to boost the information migration, which can
save the training cost and further improve the performance
of VTW. There is also a chance to investigate the informa-
tion migration in other modalities, like audio.

Conclusion

We have introduced visual tokens withdrawal (VITW), a
plug-and-play module for faster MLLMs inference. VITW
is inspired by: (1) The attention sink phenomenon in LLMs
persists in MLLMs. (2) The occurrence of information mi-
gration, indicates that visual information migrates to sub-
sequent text tokens within the first few layers of MLLMs.
Building upon these observations, we deduce that vision to-
kens become unnecessary in the deep layers of MLLMs,
despite they take up a significant computational overhead.
Thus, we withdraw vision tokens at specific layers in
MLLMs. Experiments across various multimodal tasks and
chatbots validate the efficacy of VTW in boosting MLLMs
for rapid inference without compromising performance.
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