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Abstract

Multimodal Large Language Models (MLLMs) integrate text
and images for complex reasoning tasks, but efficiently utiliz-
ing image remains a challenge due to redundancy and noise.
Traditional methods take the entire image features as visual
prompt into the MLLMs, leading to excessive visual tokens
that disrupt textual information expression. Thus, recent stud-
ies treat image features as visual knowledge, storing them in
the feed-forward network for retrieval when needed. These
methods, completely removing images from the input, may
hinder the activation of image-related knowledge. Besides,
current visual knowledge focuses on fine-grained details but
overlooks the hierarchical process of visual perception. As
described in feature integration theory, global structure is first
processed before details are integrated. Ignoring this pro-
cess may lead to a fragmented visual understanding, mak-
ing it difficult to capture high-level semantic relationships. To
overcome these issues, we propose a novel image utilization
mechanism in MLLMs. We leverage a compression-based at-
tention mechanism to generate the compressed visual prompt,
which not only mitigates the interference of excessively long
visual prompts but also preserves crucial visual information
necessary for activating knowledge in the MLLM. Further-
more, we extract hierarchical visual features as visual knowl-
edge using wavelet transforms, allowing the model to capture
both global structures and fine-grained details. Experiments
show that our approach achieves state-of-the-art performance.

1 Introduction
With the rapid development of large language models
(LLMs), researchers have increasingly explored their appli-
cations in the multimodal domain, leading to the emergence
of multimodal large language models (MLLMs). These
models can process multiple modalities, including text, im-
ages, audio, and video. Images serve as a crucial source of
information, which is helpful for the understanding of com-
plex scenarios such as visual question answering (Marino
et al. 2019; Song et al. 2024) and image caption (Lin et al.
2014; Song et al. 2025).

Although images are crucial, the inherent noise and the
modality gap between images and text require careful con-
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sideration of their usage. Currently, there are two major ap-
proaches to incorporating images in MLLMs. (a) Input Vi-
sual Features (IVF) : As shown in Figure 1a, traditional
MLLMs (Liu et al. 2023b; Dai et al. 2023) typically encode
raw images using vision transformer (ViT) (Radford et al.
2021) and then incorporate the extracted visual features as
visual prompt for LLM. For example, in ViT/14, images are
encoded with a 14×14 patch scheme, producing a sequence
of up to 196 tokens. In contrast, the average text length is
12.84 tokens in the public dataset GQA (Hudson and Man-
ning 2019) and 6.3 tokens in VQAv2 (Goyal et al. 2017).
In fact, text serves as the primary carrier of human seman-
tic expression (Jie et al. 2024). The long visual tokens cause
image features to dominate the input sequence, potentially
diminishing the model attention on textual information. (b)
Visual Knowledge (VK): To alleviate the impact of long vi-
sual tokens on textual information expression, researchers
(Gao et al. 2023; Jie et al. 2024) remove image from input
stage and instead treat it as an external visual knowledge in
feed-forward network (FFN) for retrieval. As shown in Fig-
ure 1b, this approach allows the model to retrieve visual in-
formation only when necessary. However, completely ignor-
ing images at the input stage may lead to insufficient knowl-
edge activation. Images contain crucial information that ac-
tivates knowledge within the MLLM. Relying solely on text
for semantic modeling may lead to misunderstandings, es-
pecially in tasks that require integration between text and
images. Therefore, it is necessary to utilize image as a com-
pressed visual prompt to activate knowledge of LLM while
avoiding excessively long visual prompts that may disrupt
textual expression.

Although using compressed visual prompt could mitigate
the interference introduced by long image inputs, it may also
lead to the loss of visual information. Therefore, it is nec-
essary to incorporate complete image information as visual
knowledge into the LLM for retrieval. However, current vi-
sual knowledge is typically the feature encoded from raw
image. The feature contains a large amount of fine-grained
details, which may cause the model to focus excessively on
local details while neglecting the overall structural under-
standing of the image. As revealed by feature integration
theory (Treisman and Gelade 1980), there are two stages
of attentional cognition. The first is the preattentive stage,
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(a) Input visual features (IVF).
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(b) Taking image as visual knowledge (VK).
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(c) Hierarchical visual knowledge and compressed visual prompt (Ours).

Figure 1: Framework comparisons between previous methods and our method. MHSA is Multi-Head Self-Attention.

where basic visual features such as shapes and contours are
distinguished, forming an initial perceptual representation
of the image. The second is the focused attention stage, in
which details are selectively integrated to form a complete
perception of the image. For instance, in the process of ana-
lyzing a building, the overall structure is typically perceived
first, followed by attention to specific rooms or architectural
details. If the model lacks awareness of global structure, its
understanding of text-image relationships may be limited.

To address these issues, as shown in Figure 1c, we pro-
pose a novel method, named IPK, that leverages Image as
compressed visual Prompt and hierarchical visual Knowl-
edge for effective image utilization in MLLMs. Our method
consists of two key components: (1) Compressed Visual
Prompt: At the input stage, retaining important image in-
formation is crucial. Omitting visual prompt may hinder
knowledge activation in the MLLM while excessive visual
prompt could disrupt attention balance. Thus we propose a
compression-based mechanism for compact representations
that preserve key visual semantics while reducing redun-
dancy. Specifically, we first extract more compact abstract
image features through pooling. Then, based on the abstract
image features, we learn important information from the
original image representations, ensuring that key informa-
tion is effectively compressed into the abstract features. This
approach enables the model to retain the most relevant vi-
sual information in a compressed form, thereby ensuring
activation of relevant knowledge while reducing computa-
tional complexity and minimizing noise. (2) Hierarchical
Visual Knowledge: We introduce the contour-aware and
detailed image features as visual knowledge in FFN. The
hierarchical visual knowledge ensures that the model per-
ceives both the global structure and essential details of an
image. Specifically, we employ wavelet transform to pro-

cess images and extract key contour features. These features,
together with the original image features (detail features),
serve as visual knowledge to provide hierarchical informa-
tion about the image. The contour features provide funda-
mental shape and contour information to the model during
the first stage of feature integration theory (Treisman and
Gelade 1980). In the second stage, the detail features con-
tribute finer details, enabling the model to form a complete
perception of the image. By combining compressed visual
prompt in the input stage with hierarchical visual knowl-
edge in FFN, our method could alleviate the redundancy and
noise while keeping the visual information in MLLM. Our
contributions are summarized as follows:

• We leverage a compression-based attention mechanism
to generate the compressed visual prompt, which not
only mitigates the interference of excessively long visual
prompts on text but also preserves crucial visual infor-
mation for activating knowledge in the MLLM.

• We introduce a wavelet-based hierarchical representa-
tion that extracts global contours and fine-grained details,
addressing the lack of structural awareness in previous
methods. The method aligns with human visual percep-
tion, enabling to capture hierarchical visual information.

• We achieve state-of-the-art results on multiple multi-
modal benchmarks, demonstrating the effectiveness of
our approach in optimizing MLLM image utilization.

2 Related Work
Traditional methods for utilizing images typically involve
directly using images as inputs to MLLMs. Specifically, (1)
models such as LLaVA (Liu et al. 2023b), CogVLM (Wang
et al. 2025), Qwen-VL (Bai et al. 2023) encode images
through encoders like CLIP (Radford et al. 2021), then con-
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catenate the encoded image features with text features as in-
put to the MLLM. However, this approach introduces exces-
sively long visual features. The long image token sequences
can shift attention away from text, weakening textual reason-
ing. Moreover, since LLMs are primarily pretrained on tex-
tual data, their ability to interpret visual features is limited.
Directly inputting visual features can therefore easily lead
to hallucinations in the model. (2) models like BLIP-2 (Li
et al. 2023), InstructBLIP (Dai et al. 2023), and Flamingo
(Alayrac et al. 2022) design image-aware modules, such as
VAE and QFormer, to more effectively leverage image infor-
mation by inputting additional image features that are rele-
vant to the task. This approach alleviates the issue of exces-
sively long visual features to some extent. However, ensur-
ing that the perceiver effectively captures meaningful visual
information remains challenging.

A different method focuses on more efficient ways to use
images, avoiding direct input of the entire image. LAVIN
(Luo et al. 2023) builds an adapter to dynamically control
the expression of visual and textual information across dif-
ferent samples, flexibly adjusting their importance, thereby
effectively controlling the input length and selective expres-
sion of features. LLaMA-Adapter (Zhang et al. 2023; Gao
et al. 2023) insert image information into the transformer
layer of the LLM through zero-init attention, enabling closer
interaction between visual and textual information. MemVP
(Jie et al. 2024) adopts a different strategy by removing im-
age information from the input and instead integrating im-
ages as additional knowledge into the FFN of MLLM. When
the LLM requires image information, it can retrieve the rel-
evant content from the FFN. However, these methods still
overlook the impact of image information on the activation
of internal knowledge in the MLLM and neglect the hierar-
chical structure of the image information itself.

3 Preliminary
3.1 Reformulation of FFN
The core of an LLM consists of multiple layers of MHSA
(Multi-Head Self-Attention) and FFN (Feed-Forward Net-
work), typically trained with Layer Normalization and
Residual Connections. Specifically, the FFN consists of two
fully connected layers. The process of passing x ∈ Rd

through the FFN is as follows:

FFN(x) = ϕ(xW1)W2. (1)

in which ϕ is activation function, W1 ∈ Rd×D and W2 ∈
RD×d are the weight matrices. In fact, W1 and W2 can be
rewritten as:

W1 = (k1, k2, . . . , kD), W2 = (v1, v2, . . . , vD)T . (2)

in which ki ∈ Rd and vi ∈ Rd are key and value, respec-
tively. Then, the formulation of FFN can be reformulated as:

FFN(x) =
D∑
i=1

ϕ(⟨x, ki⟩) · vi. (3)

Therefore, the FFN can be interpreted as using input x as
the query to calculate its similarity with keys, and gather-
ing values based on the similarity (Jie et al. 2024). Previous

work has found that FFN acts as a key-value memory storing
factual knowledge (Geva et al. 2020).

3.2 Visual Knowledge Retrieval
FFN performs retrieval from its key-value memory. The re-
trieval process for visual features could be formulated as:

Retrieval(x) =
n∑

i=1

ϕ(⟨x,K(zi)⟩) · V (zi) (4)

where K(zi) = f(zi), V (zi) = f(zi) ∈ Rd are the key
and value corresponding to visual feature zi. f is a pro-
jector, which projects the visual features to the dimension
of the textual token. Note that the formulation Equation (4)
shares a similar form and performs a similar process as with
Equation (3). From the perspective of FFN, (K(zi), V (zi))
are regarded as new memory entries to complement vision-
related knowledge that language models used to lack. The
new visual key-value entries are inserted into memory,

FFN(x) =
D∑
i=1

ϕ(⟨x, ki⟩) · vi +
n∑

i=1

ϕ(⟨x,K(zi)⟩) · V (zi).

(5)
Since the size of FFN’s key-value memory D is usually
much larger than the number of visual features n (D =
11008 in LLaMA-7B and n = 196 for ViT-L/14), the com-
putation of retrieving visual features is insignificant (Jie
et al. 2024).

4 Method
As shown in Figure 2, (a) we firstly extend the utilization of
image information by introducing hierarchical visual knowl-
edge. Wavelet transform extracts contour features, which are
combined with detail features from the encoded raw image.
Both are fed into the FFN for visual knowledge retrieval.
Contour features capture the global structure, while detail
features preserve high-resolution local details. (b) Further-
more, we optimize the injection of visual prompt into tex-
tual prompt. Given that overly long visual representations
could disrupt textual information expression, we propose a
visual representation compression method: The complete vi-
sual representation is compressed to generate a more com-
pact feature for LLM knowledge activation. This strategy
ensures that text remains the dominant modality in multi-
modal integration while retaining the essential visual infor-
mation. In summary, we propose an effective image utiliza-
tion strategy that uses a compressed visual prompt at the in-
put stage to activate relevant knowledge within the MLLM,
while the complete hierarchical visual information is placed
in the FFN layer for retrieval.

4.1 Hierarchical Visual Knowledge
Given an image with three color channels (Red, Green, and
Blue), we first separate the image into its individual RGB
channels. Each channel is then processed independently us-
ing a Haar wavelet transform at level ρ. To extract the ap-
proximate contour information of an image, we perform the
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Figure 2: Method overview. Our method utilizes (a) hierarchical visual knowledge, incorporating contour features that depict
shape outlines and detail features that capture fine-grained details, as comprehensive visual information. We also employ com-
pressed features as (b) visual prompt to activate relevant knowledge in MLLM. (c) The wavelet transform decomposes an image
into low-frequency and high-frequency components, where a high-pass filter preserves high-frequency details, and a low-pass
filter retains low-frequency information.

wavelet transform on the input image I and utilize the re-
sulting sub-band LL as the approximation. LL is the low-
frequency content that captures the overall structure. Let I
be a monochrome image of size M ×N , where i and j de-
note the row and column indices, respectively. The single-
level decomposition process of the Haar wavelet transform,
which aims to extract the low-frequency sub-band LL, con-
sists of both horizontal and vertical transformations. In the
horizontal transformation, for each row, the mean value is
computed as:

LL′
i,j =

Ii,2j + Ii,2j+1

2
. (6)

where 0 ≤ i < M, 0 ≤ j < N
2 . Then LL′ is transformed

vertically to generate the low-frequency sub-band LL:

LLi,j =
LL′

2i,j + LL′
2i+1,j

2
. (7)

where 0 ≤ i < M
2 , 0 ≤ j < N

2 . To obtain approximate in-
formation at different scales, a multi-level wavelet transform
is applied iteratively to LL. Given a decomposition level ρ,
the low-frequency sub-band at level r, denoted as LL(r), is
recursively computed as:

LL
(r+1)
i,j =

LL
(r)
2i,j + LL

(r)
2i+1,j

2
. (8)

where 0 ≤ i < M
2r+1 , 0 ≤ j < N

2r+1 , r = 0, 1, . . . , ρ − 1.
LL(0) = I represents the original image. After performing
ρ levels of transformation, the final ILL = LL(ρ) sub-band

serves as the approximate contour information of the image,
preserving the primary low-frequency structure.

Then ILL from three channels is passed through a vision
encoder Ev, which processes these features to extract visual
information vc:

vc = Ev(ILL). ∈ R(k2,dh) (9)

where k represents the patch size of visual encoder (such as
14 for ViT/14), and dh is the feature dimension. The visual
information is then passed through a projector to obtain the
contour feature vc. The projector aims to project the visual
information to the dimension of the textual token d. W ∈
Rdh×d are the weight matrices.

vc = Wvc. ∈ R(k2,d) (10)

The contour feature vc represents the object contours that
were emphasized by the wavelet transform, facilitating the
learning of shape and structure of objects.

Similarly, the original image is encoded to get detailed
visual information vd. And then vc is passed to projector to
get the detail feature vd.

vd = Ev(I) ∈ R(k2,dh) vd = Wvd ∈ R(k2,dh) (11)

4.2 Visual Prompt for Knowledge Activation
Given the detail feature vd with shape (k2, dh), we apply av-
erage pooling to compress the spatial dimensions. The pool-
ing operation is performed with a stride of ρ, which matches
the level of the wavelet transform.

vp = AVGPOOL(vd). ∈ R(k2//2ρ,dh) (12)
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where k is the patch size, and in ViT-14, k is set to 14. Then
we apply an attention mechanism to fuse the information
from the original detail feature vd and the pooled feature vp.
This attention operation ensures that the useful information
in the original detail feature is compressed into a smaller
representation, forming the compressed feature vz:

The compressed feature vz is obtained through an at-
tention mechanism applied to the detail feature vd and the
pooled feature vp.

vz = softmax

(
(WQvd)(WKvp)

T√
dq

)
WV vp. (13)

The learnable weight matrices WQ ∈ Rdh×dq , WK ∈
Rdh×dq , and WV ∈ Rdh×dv project the detail feature vd
and pooled feature vp into the query, key, and value spaces,
respectively. dq is the dimension of the query and key repre-
sentations, used for scaling in the attention.

The attention mechanism reduces the length of the fea-
ture from k2 to k2//2ρ. The compressed feature vz has a
shorter length, containing only the most relevant informa-
tion extracted from the image. This compressed feature is
used to activate knowledge in the MLLM, while simultane-
ously reducing interference with the representation of tex-
tual information, allowing the model to focus on the most
important visual content.

4.3 Flexible Image Utilization
We flexibly utilize image information at multiple positions
and granularities. Specifically, on one hand, we concatenate
the compressed feature vz with the textual feature t. The
combined features are used for activating relevant knowl-
edge in MLLM.

Hout = Transformers([vz, t]). (14)

On the other hand, we extract image features at two granu-
larities, obtaining the detail feature vd and the contour fea-
ture vc, respectively. These two features are then added to
the FFN (Equation (3)) as hierarchical visual knowledge to
provide hierarchical image information.

FFN(x) =
D∑
i=1

ϕ(⟨x, ki⟩) · vi+

k2∑
i=1

ϕ(⟨x,K(vc)⟩) · V (vc) +
k2∑
i=1

ϕ(⟨x,K(vd)⟩) · V (vd).

(15)

5 Experiments
5.1 Benchmarks and Details
Following the previous work (Luo et al. 2024; Liu et al.
2023b), we evaluate the accuracy of our method on GQA
(Goyal et al. 2017), VQAv2 (Goyal et al. 2017), OKVQA
(Marino et al. 2019), VizWiz (Gurari et al. 2018) and SQA
(ScienceQA) (Lu et al. 2022). In addition, we evaluate our
method on MMBench and SEED to assess its reasoning ca-
pability, and on POPE and MME-Person to evaluate its dia-
logue ability. Our method is based on LLaMA-7B (Touvron

et al. 2023), while the image encoder is implemented using
ViT/14 (Radford et al. 2021), in line with previous works
for consistency and comparison. The Pytorch version is 2.0
and all experiments are conducted on RTXA800. We repro-
duce the result of LLaMA for comparison where the image
features encoded by ViT are concatenated with the textual
information at input stage. The wavelet transform level is
set to 2, with detailed experiments provided in Section 5.8.

5.2 Reference Methods
The reference methods include: (1) MLLMs: BLIP-2 (Li
et al. 2023) employs a two-stage pre-training strategy using
a lightweight querying transformer. Flamingo (Alayrac et al.
2022) leverages learning on a variety of vision-language
tasks. InstructBLIP (Dai et al. 2023) proposes a vision-
language tuning framework that leverages instruction-aware
Query Transformer. IDEFICS (Laurençon et al. 2023) an
open-source replication of the Flamingo with 80-billion-
parameter. LLaVA and LLaVA-1.5 (Liu et al. 2023b,a) are
multimodal models that leverage visual instruction tuning
for various tasks. (2) Parameter-efficient Methods: LLaMA
(Touvron et al. 2023) is one of the most influential open-
source LLM. LLaMA-Adapter-v2 (Gao et al. 2023) incor-
porates visual features through early fusion and image-text
joint training. LAVIN (Luo et al. 2023) introduces mixture-
of-modality adaptation, using lightweight adapters and a
routing algorithm. MemVP (Jie et al. 2024) is a novel method
that injects image into the FFN of LLM.

5.3 Result Analysis
As shown in Section 4.3,our approach achieves state-of-the-
art performance on question-answering benchmarks, with
an average score of 71.32, surpassing all existing meth-
ods, including MemVP (68.62) and LAVIN (63.78) among
parameter-efficient models, as well as LLaVA-v1.5 (64.50)
and Qwen2-VL (67.30). On reasoning datasets, we also at-
tains the best score on MMBench and SEED. For dialogue
tasks, our model demonstrates competitive performance,
outperforming MemVP across the evaluated datasets. The
superior performance could be attributed to hierarchical vi-
sual knowledge, which efficiently integrates both detail and
contour features. Besides, the compressed feature effectively
activates relevant knowledge while reducing redundancy.

5.4 Ablation Study
As shown in Section 5.3, to validate the effectiveness of
each component, we conduct an ablation study on the GQA,
VQAv2, and Vizwiz. Method 0 (No.0) is our proposed ap-
proach, which incorporates the following key features: Hi-
erarchical visual knowledge, consisting of contour-level and
detail-level features. Compressed visual prompt: we employ
an attention mechanism to compress essential information
from complete image into compressed feature vz , ensuring
that critical visual features are retained. Taking the results
on GQA as an example, our analysis is as follows: (1) Ef-
fect of different visual feature selection in the input stage:
We explore the choice of visual features: (No.0) using the
compressed visual feature, (No.1) using abstract visual fea-
ture and (No.2) using the complete visual feature. The result
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Method
Question Answer Reasoning Dialogue

GQA VQAv2 OKVQA VizWiz SQA Average MMBench SEED POPE MME-Per

BLIP-2 41.0 41.0 45.9 19.6 74.2 44.33 - 46.4 81.3 1293.8
InstructBILP-8B 49.2 51.9 49.9 34.5 73.3 51.77 36.0 25.8 78.9 1212.8
IDEFICS 38.4 50.9 38.4 35.5 77.4 48.12 48.2 54.5 - -
LLaVA 49.5 63.6 45.2 30.7 56.5 49.08 36.2 32.5 79.9 1305.1
LLaVA-v1.5 62.0 74.0 45.6 50.0 90.9 64.50 64.3 56.6 82.4 1510.7
InternVL-MLP 62.9 79.3 42.9 52.5 90.1 65.55 76.7 50.0 83.1 1525.1
InternVL-QLLaMA 57.7 72.3 51.0 44.5 88.6 62.82 75.4 49.8 85.2 1298.5
Qwen-VL 59.3 78.8 46.9 35.2 67.1 57.46 61.8 56.3 - 1487.0
Qwen2-VL 63.7 79.8 48.5 65.4 79.1 67.30 73.8 58.1 82.4 1939.0
LLaMA 34.0 40.1 27.1 50.3 36.2 37.54 - 26.8 - -
LLaMA-Adapterv2 33.8 41.6 37.8 42.2 85.2 48.11 39.5 34.7 - 1328.4
LAVIN 55.2 68.6 46.1 59.6 89.4 63.78 72.0 50.5 70.1 -
MemVP 58.1 73.2 49.9 70.0 91.9 68.62 83.3 57.4 78.8 1678.3
Ours 66.2 75.6 51.1 71.4 92.3 71.32 85.4 58.3 85.7 1784.6

Table 1: Comparison with existing methods on five vision-language tasks.

K C A CV
GQA VQAv2 Vizwiz

Acc Time Acc Time Acc Time

0 ✓ × × ✓ 66.2 0.27 75.6 0.38 71.4 0.26
1 ✓ × ✓ × 60.9 0.26 74.9 0.37 69.3 0.26
2 ✓ ✓ × × 59.8 0.74 74.6 0.82 71.0 0.76
3 ✓ × × × 60.5 0.25 73.9 0.23 70.5 0.26
4 × × × × 58.1 0.23 72.6 0.25 70.0 0.23

Table 2: Ablation results. “K” is knowledge. “A” and “C”
represent abstract features and compressed features in the vi-
sual prompt. “CV” is complete visual features encoded from
raw image. Acc stands for accuracy (%), and time is the av-
erage training time (s/it).

GQA VQAv2 Vizwiz Avg.Time

knowledge (Ours) 66.2 75.6 71.4 0.26
abstract knowledge 62.6 69.5 64.7 0.27
compressed knowledge 61.1 70.7 59.0 0.27

Table 3: Ablation on knowledge compression method.

using the compressed feature vz (No.0) reaches 66.20, sug-
gesting that the compressed attention mechanism effectively
captures essential information from the raw image within
vz . Besides, the abstract feature (No.1) could achieve an
accuracy of 60.90, outperforming the complete image fea-
ture (No.2), which only reached 59.75. This suggests that an
overly long visual prompt may disrupt textual expression,
while a shorter compressed visual prompt helps the model
focus on text. (2) Effect of visual prompts: We remove vi-
sual prompts from the input stage (No.3), where images are
only used as visual knowledge. The accuracy improves from
59.75 to 60.50, demonstrating the drawbacks of an exces-
sively long visual prompt. (3) Effect of visual knowledge:
When we additionally remove visual information from the
knowledge of FFN (No.4), accuracy dropped from 60.50 to
58.10. This highlights the effectiveness of hierarchical vi-

What is the right boy wearing? What is this bird called?

Figure 3: Visualization of attention on image patches.

sual knowledge, demonstrating that multi-level visual infor-
mation provides valuable support.

Besides, we have conducted ablation studies on the com-
pression approaches used for knowledge representation in
Section 5.3. As indicated by the results in the table, leverag-
ing the complete knowledge yields the highest performance,
while incurring minimal additional time cost.

5.5 Attention Visualization
Figure 3 illustrates the final layer attention distribution of
LLM on visual tokens when answering multimodal ques-
tions of GQA. The left column displays the original images
overlaid with a 7×7 patches. The right is the heatmap reflect-
ing attention to image regions when processing text queries.
In the first example, when answering the first question, IPK
focuses on the region containing the rightmost player, align-
ing with the term “right boy” in text. The heatmap reveals a
concentration of attention in this area, indicating that IPK ef-
fectively localizes relevant visual content. In the second ex-
ample, the second question guides the attention towards the
head and upper body of the bird, as these features are crucial
for species identification. The heatmap confirms that IPK fo-
cuses on bird while minimizing attention to background.

5.6 Case Study
We conduct a case study under four challenging scenar-
ios: occlusion, overlapping, blur, and multi-object scenes, as
shown in Figure 4. Our model consistently produces correct
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4. Multi-Objects

2. Overlapping

3. Blur

Is there any surfboard to the right 
man the people are standing by?

Are there both plates and 
forks in this picture?

Is the curtain on the right side or 
on the left of the picture?

1. Occlusion

How many humans can be seen 
in the picture?

YesYesOurs

NoLLaVA No
MemVP No One

TwoRightOurs

LeftLLaVA One
MemVP Dont know None

Figure 4: Case study and comparision between our method
and previous representative methods.

answers, while both LLaVA (Liu et al. 2023b) and MemVP
(Jie et al. 2024) fail. In the occlusion case, our wavelet con-
tour representation accurately localizes the occluded surf-
board by preserving global boundaries. In the overlapping
case, the visual knowledge filtering module separates ob-
jects such as plates and forks by suppressing irrelevant tex-
tures and emphasizing semantic distinctions. Under blur, the
model remains robust by retaining structural cues for reli-
able spatial reasoning. In multi-object scenes, it correctly
counts humans where others fail.
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Figure 5: Average training time (s/it) across tasks.

5.7 Training Time Comparision
Figure 5 presents the average training time and the train-
ing time on different tasks, while Section 4.3 presents their
accuracy. Based on the results in Figure 5 and Section 4.3,
the proposed method IPK outperforms previous methods in
accuracy while maintaining a competitive training speed.
Specifically, IPK achieves significantly higher efficiency

than LLaMA, LLaMA-Adapter-v2, and LAVIN, and is com-
parable to MemVP in speed. This demonstrates that IPK ef-
fectively balances accuracy and computational efficiency.
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Figure 6: The effect of wavelet transformation level ρ.

5.8 Effect of Wavelet Transformation Level
As shown in Figure 6, we investigate the impact of wavelet
transformation level ρ on model performance and evaluate
its effect on the GQA and Vizwiz datasets. ρ = 0 indi-
cates no transformation is applied to the image. The results
show that when ρ = 0, the model exhibits lower accuracy
and requires longer training time. This may be due to the
model focusing excessively on fine-grained details, thereby
overlooking the overall structure of the image. As ρ in-
creases, accuracy initially improves and then declines. This
trend suggests that higher ρ levels enhance the abstraction of
the image, allowing the model to capture global structures
more effectively. However, excessively abstracted images
may lose critical information, leading to performance degra-
dation. Meanwhile, training time consistently decreases as ρ
increases, indicating that more abstract representations re-
duce computational complexity. To balance accuracy and
training efficiency, we set ρ = 2, which achieves relatively
high accuracy while maintaining a lower training cost.

6 Conclusion
In this paper, we propose a novel approach for enhanc-
ing image utilization in MLLMs by addressing key chal-
lenges related to visual redundancy, knowledge activation,
and hierarchical perception. Our method leverages com-
pressed visual prompt and hierarchical visual knowledge,
ensuring an effective and structured incorporation of image
into MLLMs. To alleviate the interference caused by exces-
sively long visual prompts while preserving essential image
semantics, we leverage a compression-based attention that
generates a compact yet informative visual prompt at the in-
put stage. This mechanism effectively balances the need for
knowledge activation while reducing textual disruption. Fur-
thermore, we incorporate wavelet-based hierarchical visual
knowledge into the FFN, capturing both global structure and
fine-grained details. By aligning with the hierarchical per-
ception process, the proposed method enhances the ability
to comprehend complex visual-textual relationships.
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