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Abstract

Multimodal large language models (MLLMs) improve per-
formance on vision-language tasks by integrating visual
features from pre-trained vision encoders into large lan-
guage models (LLMs). However, how MLLMs process and
utilize visual information remains unclear. In this paper, a
shift in the dominant flow of visual information is uncov-
ered: (1) in shallow layers, strong interactions are observed
between image tokens and instruction tokens, where most
visual information is injected into instruction tokens to form
cross-modal semantic representations; (2) in deeper layers,
image tokens primarily interact with each other, aggregating
the remaining visual information to optimize semantic repre-
sentations within visual modality. Based on these insights,
we propose Hierarchical Modality-Aware Pruning (HIMAP),
a plug-and-play inference acceleration method that dynami-
cally prunes image tokens at specific layers, reducing compu-
tational costs by approximately 65% without sacrificing per-
formance. Our findings offer a new understanding of visual
information processing in MLLMs and provide a state-of-
the-art solution for efficient inference. The code is available
at https://github.com/ustc—hyin/HiMAP.

1. Introduction

Multimodal large language models (MLLMs) [3, 4, 16, 22,
45] have emerged as an advanced architecture that integrates
visual and textual information, demonstrating exceptional
performance across various tasks. Compared to traditional
multimodal models [14, 15, 17], MLLMs achieve superior
information fusion and complex semantic understanding by
utilizing large language models (LLMs) [1, 37, 44] to pro-
cess visual features. However, the mechanisms of informa-
tion interaction within these models remain underexplored.
This study poses two critical questions: (1) To what extent
do image tokens influence model predictions? (2) How is
visual information processed within the model?
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With respect to the first question, we developed three
metrics based on saliency scores to quantify the impact of
system tokens, image tokens, and instruction tokens on pre-
diction outcomes. Experimental results indicated that the
importance of image tokens was minimal, only equivalent
to 0.03% of that of instruction tokens, despite image tokens
comprising a significant portion of the model input.

With respect to the second question, saliency analysis of
the attention matrices reveals strong interactions between
image tokens and instruction tokens in shallow layers, while
interactions among image tokens become more significant in
deeper layers. This result intuitively reveals that as the model
depth increases, the dominant flow of visual information
within MLLMs undergoes a shift. Based on this, we propose
the following hypothesis.

Phased Processing of Visual Information

Hi: In shallow layers, image tokens primarily in-
teract with instruction tokens, injecting most visual
information into instruction tokens to establish a
cross-modal semantic representation for subsequent
computations.

Ho: In deeper layers, interactions among image to-
kens are enhanced, consolidating the residual visual
information, thereby refining the semantic represen-
tation within visual modality.

Fig. | provides a detailed elaboration of our hypothesis.
Two experiments were conducted to validate the aforemen-
tioned hypothesis. (1) By blocking the information interac-
tion between image and instruction tokens in specific layers,
we observed that perturbations in shallow layers significantly
degraded model performance, confirming that image tokens
inject most visual information into instruction tokens. (2) We
compared the significance of visual-textual and intra-visual
information flows at various model depths, discovering that
perturbations to intra-visual information flow in deeper lay-
ers led to more pronounced prediction deviations, thereby
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Figure 1. Illustration of our hypothesis. In shallow layers, image tokens inject most of the visual information into instruction tokens,
establishing a cross-modal semantic representation for subsequent computations. In deeper layers, image tokens aggregate the residual
visual information, refining the semantic representation within the visual modality.

validating the interaction among image tokens to aggregate
the residual visual information. These results support our hy-
pothesis, indicating that MLLMs process visual information
differently at varying depths.

Despite their substantial computational cost, image to-
kens contribute minimally to prediction results. To address
this issue, we propose a method for pruning image tokens to
accelerate inference. Based on insights into internal informa-
tion interactions within MLLMs, we introduce Hierarchical
Modality-Aware Pruning (HiMAP), a plug-and-play tech-
nique that effectively streamlines the computational process
by focusing the model on the most influential image to-
kens. HIMAP dynamically ranks the importance of image
tokens according to the dominant visual information flow at
different depths and applies pruning strategies in specified
layers. By reducing the computational overhead of both
self-attention modules and feed-forward networks modules,
HiMAP reduce FLOPs by over 65%. Experimental results
demonstrate that HIMAP can reduce inference latency by
about 50% while maintaining model performance.

In summary, our contributions are fourfold: (1) Con-
ducting an in-depth analysis of the phenomenon where im-
age tokens have minimal impact on prediction outcomes in
MLLMs; (2) Identifying latent patterns in the interactions
between visual and textual modalities within MLLMs; (3)
Introducing HiIMAP, a plug-and-play technique that reduces
inference latency in MLLMs while maintaining performance;
(4) Validating the efficacy of HIMAP across a diverse range
of vision-language tasks.

2. Inefficient Contribution of image tokens

This section aims to highlight the limited contribution of
image tokens to model predictions. Section 2.1 outlines the
three token categories used as inputs in MLLMs, along with
their respective processing mechanisms. Section 2.2 evalu-
ates the impact of various modalities on prediction outcomes
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through metrics derived from saliency scores. The results
of the quantitative analysis reveal that the visual modality
contributes substantially less than other modalities.

2.1. Preliminaries

This section introduces how MLLMs process different to-
kens when generating output. Typically, these models follow
a transformer decoder architecture [38], predicting responses
autoregressively [5] based on a given image-question pair.

Before being fed into the transformer decoder, multi-
modal information (including images and text) is converted
into sequence embeddings. For images, a common ap-
proach involves extracting visual features using pre-trained
encoders, such as CLIP-VIT [31]. To align the dimensions
of these visual features with the embedding size of LLMs
and ensure semantic consistency, additional linear transfor-
mations or cross-attention modules are introduced. For text,
natural language is tokenized into discrete units, and corre-
sponding text embeddings are generated through embedding
lookup. In this paper, “image tokens” and “text tokens” refer
to both the discrete units of visual and textual data as well as
the embeddings derived from them.
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Figure 2. Distribution of Input Sequence Tokens. Image tokens con-
stitute 77% of the total input tokens, nearly double the combined
total of system and instruction tokens. This highlights a consider-
able computational overhead associated with image tokens.

After preprocessing the image and text tokens into a uni-
fied embedding space, these tokens are input into the trans-



former decoder to generate output tokens. During this de-
coding process, the input tokens are categorized into three
types: (1) system prompts, which provide general infor-
mation for controlling the behavior of MLLMs; (2) image
tokens, derived from features learned by pre-trained visual
encoders; and (3) user instructions, which specify requests
or questions related to the given images. The index sets of
system, image, and instruction tokens are denoted by S, V,
and Z, respectively. Comprehensive index set of all input
tokens is represented as X', where ¥ = SUV UZ.

Fig. 2 illustrates the workflow of MLLMs and the distri-
bution of sequence lengths for three types of input tokens.
The sequence length for image tokens is 576, which is nearly
twice the combined length of the system and instruction to-
kens. This suggests that the computational load associated
with image tokens in MLLMs is significantly higher.

2.2. Visual Modality Impact Assessment

This subsection quantitatively evaluates the impact of the
visual modality on prediction outcomes. We employ the
saliency technique [34], a widely used interpretability tool,
to highlight key token interactions within the attention mech-
anism. Following established practices, we utilize Taylor
expansion [27] to compute saliency scores for each element
of the attention matrix:

= ZAh,l ®
I

Here, Ay, ; represents the attention matrix value for the h-th
attention head in the [-th layer, = denotes the input, and £(z)
is the loss function of the task, e.g., the cross-entropy objec-
tive for question-answering tasks. The saliency matrix [; for
the [-th layer is obtained by averaging across all attention
heads. The significance of information flow from the j-th
token to the i-th token in MLLM s is represented by I (7, j).
To illustrate the contributions of different modalities to pre-
diction outcomes, three quantitative metrics based on ; are
introduced as following.
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These three metrics enable a systematic observation of the
information flow intensity from different modalities across
various layers, facilitating the evaluation of their contribu-
tions to prediction outcomes.
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Figure 3. Contributions of different modalities to prediction out-
comes across layers. The contribution of visual modality is signifi-
cantly lower than textual modality.

Our experiments with the LLaVA-v1.5-7B model on A-
OKVQA and Sci-VQA datasets revealed interesting insights
into the impact of different modalities on prediction out-
comes. As shown in Fig. 3, instruction tokens play a pivotal
role in shaping predictions, exerting the most significant
influence. Conversely, image tokens demonstrate a com-
paratively minor impact. Considering prior findings on the
sparsity of attention to image tokens [23, 28, 33, 36], this
limited impact may stem from the redundancy inherent in
the image signals provided to the model. Additional experi-
mental results are available in Sec. 8.

3. Shift in dominant flow of visual information

This section provides a detailed analysis of how MLLMs
process visual information. In Sec. 3.1, two importance
metrics are introduced to intuitively characterize the flow of
visual information within MLLMs. The quantitative results
support the following hypotheses:

* Hi: In shallow layers, image tokens inject visual infor-
mation into instruction tokens, facilitating cross-modal
semantic representations for subsequent computations.

* Ho: In deeper layers, image tokens consolidate residual
visual information, refining the semantic representation
within the visual modality.

In Sec. 3.2 and Sec. 3.3, these hypotheses are validated
through information flow perturbation experiments.

3.1. Hypothesis Driven by saliency Scores

This subsection seeks to uncover the underlying patterns of
visual information interaction through attention mechanism
in MLLMs. We continue to use [;(4, j) from Equation (1)
to represent the significance of information flow from the



7-th token to the i-th token. To clarify the visual information
flow in MLLMs, we introduce two new quantitative metrics
based on I;(i, j), with a particular focus on the information
interaction involving image tokens. The metrics are defined
as follows.

S, measuring the importance of information flow
among image tokens:

S, — ‘i| ®)

jeviev
S.ut, measuring the importance of information flow
from image tokens to instruction tokens:

JEL i€V

1
= — 6
Sut v (6)

Syy and S,; are utilized to analyze the mechanisms of

visual information processing in MLLMSs. Specifically, S,
quantifies the extent of information injection from image to-
kens to instruction tokens, whereas S,,, measures the degree
of information aggregation among image tokens. We define
attention interactions among image tokens as intra-visual
information flow and those between image and instruction
tokens as visual-textual information flow.
Results and Analysis. We conducted experiments using the
LLaVA-v1.5-7B models on the A-OKVQA and Sci-VQA
datasets. As shown in Fig. 4, the significance of two infor-
mation flows changes rapidly across model depths: (1) In
the shallow layers (i.e., layers 1-3), the importance of the
visual-textual information flow (S,;) is substantially higher
than that of the intra-visual information flow (S,,). (2)
Conversely, in the deeper layers (i.e., layers 8—16), the intra-
visual information flow (S, ) becomes predominant. Addi-
tional experimental results are detailed in Sec. 9.
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Figure 4. Importance of intra-visual flow and visual-textual flow
across layers. Dominant flow of visual information shifts as model
depth increases.

Proposed Hypothesis. Based on the observed shifts in
dominant visual information flows, we hypothesize a phased
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processing mechanism for visual information in MLLMs.
In the shallow layers, image tokens predominantly interact
with instruction tokens, channeling the majority of visual
information into these tokens to establish a cross-modal
semantic representation. In the deeper layers, interactions
among image tokens intensify, consolidating residual visual
information to refine the semantic representation within the
visual modality. This hypothesis is illustrated in Fig. 1.

3.2. Shallow Layers: Visual Information Injection

In this section, we validate the first part of our hypothesis.
We propose that injecting visual information into instruc-
tion tokens depends on the the information flow from image
tokens to instruction tokens, facilitated by the attention mech-
anism. By manipulating attention layers and disrupting the
visual-textual information flow, we aim to confirm the pres-
ence of this injection process and its effect on predictions.
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Figure 5. Disrupting visual-textual flow versus disrupting visual-
random flow within the first or last 5 layers. Disrupting visual-
textual flow in the first 5 layers has the most substantial effect,
highlighting shallow-layers information injection from image to-
kens to instruction tokens.

Implementation Details. To disrupt the visual-textual in-
formation flow, we block the interaction between image
and instruction tokens by modifying the attention matrix A.
Specifically, we set A;(i,j) to O fori € Zand j € V in
the attention matrix A; of the [-th layer. This modification
prevents the instruction tokens from receiving information
from the image tokens in the [-th layer.

Evaluation Metrics. Inspired by the loyalty metrics [40], we
design the following metrics to assess the impact of disrupt-
ing visual-textual information flow. (1) Label Consistency:
evaluates how consistent the prediction outcomes are before
and after disruption. (2) Score Consistency: applies the Jac-
card similarity to compare the top-5 predicted tokens before
and after disruption, capturing broader changes in prediction
results. A lower consistency score indicates a greater impact
on prediction outcomes.

Results and Analysis. We conducted experiments with



the LLaVA-v1.5-7B models on Sci-VQA and A-OKVQA
datasets. As illustrated in Fig. 5, performance dropped sig-
nificantly when disruptions occurred in the first five layers,
but this effect diminished with increasing network depth.
Conversely, disrupting the flow of information from image
tokens to random tokens had only a minor impact on per-
formance. These findings confirm that visual information is
integrated into instruction tokens in the shallow layers.

3.3. Deeper Layers: Intra-Visual Aggregation

This section further validates the second part of the hypothe-
sis, which posits that in deeper layers, enhanced interactions
between image tokens lead to aggregation of residual vi-
sual information. To investigate this, we manipulated the
attention layers to separately disrupt intra-visual and visual-
textual information flows. By comparing the effects of these
two disruptions on prediction outcomes, we confirm changes
in the underlying visual processing mechanisms.
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Figure 6. The values of D; for every two layers in LLaVA-v1.5-
13B. In deeper layers, D; > 0, indicating that disruptions in intra-
visual flow lead to greater prediction biases, thus validating the
aggregation of residual visual information through interactions
between image tokens.

Implementation Details. We modified the attention matrix
A to block interactions between image tokens, thereby dis-
rupting intra-visual information flow. Specifically, we set
Ai(i,7) to0fori,j € V in the attention matrix A; of the I-th
layer, thereby preventing information interactions among im-
age tokens within that layer. The disruption in visual-textual
information flow is consistent with the procedure described
in Sec. 3.2.

Evaluation Metrics. The prediction biases resulting from
disruptions in visual-textual and intra-visual information
flows are denoted as F,;; and E,, ;, respectively, where [
refers to the [-th layer. To quantify the relative impact of
these two disruptions on prediction outcomes, we introduce
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Bias Ratio D;:

D, = log(Evv7l/Evt,l)~ )

This metric represents the logarithmic ratio of prediction bi-
ases caused by two distinct disruptions in visual information
flow. When D; > 0, it indicates that intra-visual information
flow dominates in the [-th layer. Conversely, when D; < 0,
it suggests that visual-textual information flow prevails in
the [-th layer. Additional experimental details are available
in Sec. 10 and Sec. 11.

Results and Analysis We conducted experiments using the
LLaVA-v1.5-13B model on the Sci-VQA and A-OKVQA
datasets. As shown in Fig. 6, the results, averaged across
both datasets, reveal that in the deeper layers, D; approaches
1.2, signifying the aggregation of residual visual information.
Conversely, in the shallow layers, D; drops to -0.5, indicating
the integration of visual information from image tokens into
instruction tokens.

3.4. Hypothesis Discussion

In Sec. 3.2, we establish that image tokens predominantly
transfer visual information to instruction tokens in the shal-
low layers. In contrast, as detailed in Sec. 3.3, image tokens
aggregate residual visual information in the deeper layers.
Furthermore, Sec. 2.2 highlights the inefficiency of image
tokens in influencing prediction outcomes. Based on these
findings, we propose that not all image tokens are necessary
at every layer. Specifically, once the majority of visual in-
formation has been injected into instruction tokens in the
shallow layers, many image tokens lose their significance.
This explains why the visual-textual information flow has
minimal influence on prediction outcomes in the subsequent
layers. Similarly, in the deeper layers, after aggregating the
residual visual information, most remaining image tokens
become redundant.

4. Hierarchical Modality-Aware Pruning

Given the relatively minor contribution of image tokens to
prediction outcomes, coupled with their substantial com-
putational cost in MLLMs, we propose a dynamic pruning
method for image tokens. This approach effectively reduces
computational overhead during inference without compro-
mising model performance.

4.1. Hierarchical image token Pruning

Leveraging the phased processing mechanism of visual in-
formation in MLLMs, we propose Hierarchical Modality-
Aware Pruning (HIMAP), a technique designed to accelerate
inference by dynamically pruning image tokens at varying
network depths.

Fig. 7 illustrates the overall framework of HIMAP, which
includes two core components: shallow-layer pruning mod-
ule and deeper-layer pruning module. Each module features



an importance ranking function f, and two parameters: the
filtering layer K and the filtering ratio R%. At the K-th
layer of MLLMs, the ranking function f, accepts a set of
image tokens as input and ranks them according to a prede-
fined importance criterion ¢. After ranking, image tokens
deemed to have the lowest importance in the bottom R% are
pruned in subsequent layers, thus optimizing the utilization
of computational resources.
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Figure 7. Illustration of Hierarchical Modality-Aware Pruning
(HiMAP). In shallow layers, HIMAP ranks image tokens at the K;-
th layer based on the importance criterion ¢, removing the image
tokens in the bottom R1%. In deeper layers, HIMAP ranks the
remaining image tokens at the K layer according to the importance
criterion @gy, filtering out those in the bottom R2%.

In shallow layers, image tokens primarily interact with
instruction tokens, injecting most visual information into
instruction tokens. Consequently, we define the importance
criterion ¢y, in shallow-layer pruning module as the sum of
attention scores from the given image token v to all instruc-
tion tokens, represented as:

Gan(v) = Ag, (i,0).

i€

®

Here, K denotes the filtering layer in shallow-layer pruning
module. This criterion quantifies the influence of image
tokens on instruction tokens, thereby guiding the pruning of
image tokens in shallow layers.

In deeper layers, interactions among image tokens are en-
hanced, consolidating the residual visual information. Thus,
we define the importance criterion ¢4, in deeper-layer prun-
ing module as the sum of attention scores from all other
image tokens to the given image token v, expressed as:

Gap(v) = > Ax, (v,4)

i€V

C))

Here, K5 denotes the filtering layer in deeper-layer pruning
module. This criterion evaluates the information interaction
between image tokens, directing the pruning of image tokens
in deeper layers.
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4.2. Computation Cost Estimation

We estimate the computational cost of the multi-head at-
tention (MHA) and feed-forward neural network (FFN)
modules in terms of Floating Point Operations Per Sec-
ond (FLOPs). For a transformer layer, given that the in-
put contains n image tokens, the hidden layer dimension
is d, and the intermediate layer dimension of the FFN is
m, the FLOPs for this layer can be represented as {}(n) =
4nd? + 2n2d + 2ndm.

For the entire model, assuming there are L layers in total,
the shallow-layer pruning module reduces the number of
image tokens from n to n; = (1 — R1%) - n at the K1-th
layer. The deeper-layer pruning module further reduces the
number of image tokens to ne = (1 — R2%) - ny. Thus, the
theoretical FLOPs reduction rate n related to image tokens
can be calculated using the following formula:

K1 . Q(TL) + (KQ — Kl) . Q(nl)
L-Q(n)
(L — K5) - Q(ny)
L-Q(n)

n=1-
(10)

5. Experiments

In this section, we showcase HIMAP’s performance across
various visual language benchmarks. Sec. 5.1 provides an
overview of the evaluation tasks and parameter configura-
tions. Sec. 5.2 highlights HIMAP’s exceptional results in
terms of both inference accuracy and speed. Lastly, Sec. 5.3
presents ablation studies that validate the effectiveness of
HiMAP’s individual components.

5.1. Experimental Setup

The performance of the HIMAP method is rigorously exam-
ined across four essential tasks: short-answer QA, multiple-
choice QA, image captioning, and natural QA. These tasks
encompass structured question-answering and open-ended
generation, offering a comprehensive evaluation of MLLMs
utilizing HIMAP method.

Short-answer QA: This task utilizes datasets such as
VQAV2 [12], TextVQA [35], MME [10], and POPE [18]
to assess the model’s ability to generate concise answers
from multimodal information.

Multiple-choice QA: Using ScienceQA [24] and A-
OKVQA [32] datasets, this task tests reasoning and
decision-making in multiple-choice scenarios.

Image Captioning: Nocaps [2] and Flickr30k [29, 30]
datasets are employed to measure the model’s ability to
generate natural language descriptions of images. Perfor-
mance is evaluated using the CIDEr score [39].

Natural QA: This task involves experiments with the
LLaVA-Bench [22] and MM-Vet [43] datasets. GPT-4 [1]



Model Method | TFLOPs FLOPs Ratio | VQAv2 T-VQA POPE MME | S-VQA A-OKVQA
Baseline | 2.98 100% 78.3 58.2 864 17499 | 67.9 76.6
LLaVA-7B | FastV 1.56 54% 78.1 58.3 849 17426 | 68.1 77
HiMAP 0.73 24% 78.6 58.4 86.2 1785.1 | 68.3 77.2
Baseline | 5.81 100% 79.8 61.4 87.2 17944 | 1716 82
LLaVA-13B | FastV 3.09 53% 79.9 61.4 84.8 17963 | 713 81.3
HiMAP 1.36 23% 80.2 61.7 86.5 18094 | 721 81.4
Baseline 3.6 100% 78.4 60.8 84.5  1782.6 68 75.7
QwenVL-7B | FastV 1.9 53% 78.5 58.3 827 17672 | 682 75.3
HiMAP 0.89 25% 78.8 61.3 837 17983 | 68.5 75.9
Baseline | 2.71 100% 79.4 57.1 86.9 18122 | 70.9 79.6
InternVL-7B | FastV 1.39 52% 79 56.8 852  1802.1 | 705 79.1
HiMAP 0.56 20% 79.6 57.1 86.5 18213 | 717 80.1

Table 1. Performance of HIMAP on Short-answer QA and Multiple-choice QA Tasks. The parameters are set as K1 = 2, Ry = 50%,
K> = 8, Ry = 75%. The evaluation metric used is Accuracy. The highest score for each configuration is highlighted in red, while the

lowest computational cost is marked in green.

is used to assess the correctness of the generated answers,

evaluating the model’s capability to handle open-ended

question-answering in complex multimodal scenarios.
Experiments were done with mainstream MLLMs, including
LLaVA-v1.5-7B [21], LLaVA-v1.5-13B, QwenVL-Chat-7B
[4], and InternVL-v1.0-7B [7, 8]. For structured question-
answering tasks such as Short-answer QA and Multiple-
choice QA, HiMAP adopts an aggressive parameter con-
figuration (K; = 2,R; = 50%, K> = 8, Ry = 75%)
to effectively prune irrelevant image tokens, significantly
enhancing inference speed. Conversely, for open-ended
generation tasks like Image Captioning and Natural QA,
HiMAP applies a more conservative parameter configura-
tion (K1 = 2, Ry = 50%, Ko = 15, Ry = 75%) to ensure
that the model captures comprehensive image information,
leading to high-quality responses.

We primarily compared our method to FastV [6], which
calculates the average attention score received by a token
from all other tokens as its importance criterion, denoted
as QPgin- For a fair comparison, we adopted the optimal
settings recommended for FastV: K = 2 and R = 50% for
LLaVA-v1.5-7B, and K = 3 and R = 50% for LLaVA-
v1.5-13B.

5.2. Results and Analysis

As shown in Sec. 4.2, HIMAP achieves outstanding accu-
racy in both Short-answer QA and Multiple-choice QA tasks.
In Short-answer QA task, HIMAP surpasses baseline ac-
curacy on VQAv2, TextVQA, and MME datasets, demon-
strating its superior precision and stability in pruning image
tokens. Even on the POPE benchmark, where performance
declines for both HIMAP and FastV, HIMAP exhibits a no-
tably smaller impact.
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Similarly, in Multiple-choice QA task, HIMAP outper-
forms the baseline. By contrast, applying FastV to the
InternVL-v1.0-7B and LLaVA-v1.5-13B models results in
significant performance degradation, further underscoring
HiMAP’s advantages. Additional experimental results for
Short-answer QA tasks can be found in Sec. 12.1 and
Sec. 12.2.

Model | Method Ratio | Nocaps Flickr30k
Baseline 100% | 78.8 50.9
LLaVA-7B | FastV — 54% | 786 50.6
HiIMAP  34% | 787 513
Baseline  100% 82.8 53.6
LLaVA-13B | FastV  53% | 819 53.1
HIMAP  33% | 837 53.8

Table 2. Performance of HIMAP on Image Captioning task. The
parameters for HIMAP are set as K1 = 2, Ry = 50%, K2 = 15,
and Ry = 75%. The evaluation metric used is the CIDEr score.
The highest score for each configuration is highlighted in red,
while the lowest computational cost is marked in green.

As shown in Sec. 5.2, HIMAP performs comparably to the
baseline in Image Captioning task, whereas FastV results
in a noticeable decline in model performance. This clearly
demonstrates that HIMAP is better at preserving the model’s
ability to generate long-text descriptions compared to FastV.

Tab. 3 presents the experimental results of HIMAP and
FastV on Natural QA task. Based on GPT-4’s evaluation,
HiMAP’s responses significantly surpass those of FastV,
even exceeding the baseline. This highlights HIMAP’s abil-
ity to maintain robust open-domain QA performance in com-
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Figure 8. Comparison of real-world inference speeds between HIMAP and FastV. The experiment was conducted using LLaVA-v1.5

model family on a server equipped with a single 0GB A800 GPU.

plex scenarios. For case studies on LLaVA-Bench, please
see Sec. 12.3.

Model | Method Ratio | LV-BM  MM-Vet
Baseline  100% 65.7 334
LLaVA-7B | FastV — 54% | 624 312
HIMAP  34% | 66.5 33.7
Baseline  100% 73.5 374
LLaVA-13B | FastV  53% | 717 355
HIMAP  33% | 745 374

Table 3. Performance of HIMAP on Natural QA task. The
parameters for HIMAP are set as K1 = 2, Ry = 50%, Ky =
15, R = 75%. LV-BM refers to LLaVA-Bench dataset. The
highest score for each configuration is highlighted in red, while
the lowest computational cost is marked in green.

As shown in Sec. 4.2, for Short-answer QA and
Multiple-choice QA tasks, HIMAP adopts aggressive pa-
rameter settings, specifically K1 = 2, Ry = 50%, Ko =
8, Ry = 75% . These settings achieve approximately a 75%
reduction in FLOPs without sacrificing model performance,
significantly decreasing computational overhead during in-
ference.

For Image Captioning and Natural QA tasks, as illus-
trated in Sec. 5.2 and Tab. 3, HIMAP employs more con-
servative parameter configurations, namely K} = 2, Ry =
50%, Ko = 15, Ry = 75%. Despite the more restrained
settings, HIMAP still achieves a roughly 70% reduction in
computational costs, significantly outperforming FastV’s
45% reduction rate.

Fig. 8 compares the real-world inference speed of HIMAP
and FastV. The experiment was conducted on a server
equipped with a single 80GB A800 GPU. HiIMAP achieved
a 60% reduction in inference time, significantly surpassing
FastV’s 35% improvement. Details on GPU memory usage
and more comprehensive evaluations of inference speed can
be found in Sec. 12.4.

5.3. Ablation Study

We conducted ablation experiments using the LLaVA-v1.5-
7B model, as summarized in Tab. 4. Pruning visual tokens
in shallow layers based on intra-visual information flow
caused a significant performance drop, confirming their role
in integrating visual information with instruction tokens for
cross-modal semantic representations. Similarly, pruning
tokens in deeper layers, guided by visual-textual information
flow, also degraded performance, supporting their function in
refining semantic representations within the visual modality.
For additional ablation experiments, please refer to Sec. 13.

SHL-PM DPL-PM | Ratio | ScienceQA A-OKVQA

X X 100% 67.9 76.6
img2txt X 54% 68.3 77.1
img2img X 54% 62.4 71.7
img2txt img2txt 34% 67.1 76.2
img2txt img2img 34% 68.3 2

Table 4. Ablation Study for the Importance Criteria. SHL-PM
and DPL-PM refer to the shallow-layer pruning module and deeper-
layer pruning module, respectively. The best model performance is
highlighted in blue, while degraded performance is underlined.

6. Conclusion

In this paper, we propose a hypothesis regarding visual infor-
mation processing in MLLMs, suggesting that image tokens
inject most visual information into instruction tokens in shal-
low layers while consolidate the remaining visual informa-
tion in deeper layers. Results from information flow perturba-
tion experiments confirm this hypothesis for the LLaVA-v1.5
series models. Building on these insights, we introduce Hier-
archical Modality-Aware Pruning, a plug-and-play method
that dynamically prunes image tokens at specific layers to
improve inference speed. This method not only reaffirms
our hypothesis but also demonstrates significant potential for
practical applications.
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