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Abstract

Multimodal large language models (MLLMs) have experi-
enced significant advancements recently, but still struggle to
recognize and interpret intricate details in high-resolution (HR)
images effectively. While state-of-the-art (SOTA) MLLMs
claim to process images at 4K resolution, existing MLLM
benchmarks only support up to 2K, leaving the capabilities of
SOTA models on true HR images largely untested. Further-
more, existing methods for enhancing HR image perception in
MLLMs rely on computationally expensive visual instruction
tuning. To address these limitations, we introduce HR-Bench,
the first deliberately designed benchmark to rigorously evalu-
ate MLLM performance on 4K&8K images. Through exten-
sive experiments, we demonstrate that while downsampling
HR images leads to vision information loss, leveraging com-
plementary modalities, e.g., text, can effectively compensate
for this loss. Building upon this insight, we propose Divide,
Conquer and Combine, a novel training-free framework for en-
hancing MLLM perception of HR images. Our method follows
a three-staged approach: 1) Divide: recursively partitioning
the HR image into patches and merging similar patches to
minimize computational overhead, 2) Conquer: leveraging the
MLLM to generate accurate textual descriptions for each im-
age patch, and 3) Combine: utilizing the generated text descrip-
tions to enhance the MLLM’s understanding of the overall HR
image. Extensive experiments show that: 1) the SOTA MLLM
achieves 63% accuracy, which is markedly lower than the 87%
accuracy achieved by humans on HR-Bench; 2) our method
brings consistent and significant improvements (a relative in-
crease of +6% on HR-Bench and +8% on general multimodal
benchmarks).

Code — https://github.com/DreamMr/HR-Bench

Introduction

Recent advancements in multimodal LLMs (MLLMSs) (Liu
et al. 2024a; Dong et al. 2024a) have greatly enhanced their
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(a) Comparison of our HR-Bench with existing benchmarks on image resolution
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(b) The simple schematic of our method Divide, Conquer and Combine (DC?)

Figure 1: An overview of our work. (a) Existing multimodal
benchmarks is only 2K resolution. To fill the gap, we in-
troduce HR-Bench, designed to evaluate MLLMs on high-
resolution (HR) images up to 8K. (b) We propose a training-
free framework — Divide, Conquer and Combine (DC?),
which recursively uses image patches to provide relevant
text descriptions, helping existing MLLMs better perceive
HR images.

abilities in vision-language understanding, reasoning, and
interaction (Xu et al. 2024). This progress is primarily due to
the integration of visual signals into Large Language Models
(LLMs), allowing them to perceive the world visually. A key
component of this process is the visual encoding strategy.
However, most current MLLMs (Liu et al. 2024a; Bai et al.
2023b) perceive images in a fixed resolution (e.g., 336 x 336).
This simplification often results in significant shape distortion
and blurring of high-resolution (HR) image content, which
hurts the performance of MLLMs. Given that real-world im-



ages vary widely in resolution, this limitation poses substan-
tial challenges for MLLMs across various applications (Tian
et al. 2022, 2023; Wang et al. 2024).

To address this issue, recent studies improve MLLM’s
perceptual ability for HR image by carefully designing vari-
ous strategies, which can be categorized into three types: 1)
cropping-based methods (Chen et al. 2024c; Liu et al. 2024b;
Li et al. 2024b), 2) HR visual encoder (Luo et al. 2024; Ge
et al. 2024; Lu et al. 2024), and 3) visual search (Wu and
Xie 2024). Although many advanced strategies have been
proposed to enhance MLLM’s perceptual ability for HR im-
age, the current benchmark resolution is only up to 2K, as
illustrated in Figure 1 (a). Meanwhile, the most advanced
MLLM:s are now capable of handling 4K HR images (Chen
et al. 2024c; Dong et al. 2024b). This implies that state-of-
the-art (SOTA) MLLMs have not yet undergone rigor-
ous validation on HR images. Therefore, higher resolution
benchmarks are needed in this field.

Firstly, to tackle the current lack of HR multimodal bench-
marks, we introduce HR-Bench. This benchmark is designed
to evaluate the ability of MLLMs to perceive HR images.
HR-Bench is available in two versions: HR-Bench 8K and
HR-Bench 4K. The HR-Bench 8K includes images with
an average resolution of 8K, sourced from the open-source
8K resolution image dataset DIV8K (Gu et al. 2019) and
Internet, with our manually annotated questions and answers.
For HR-Bench 4K, we manually annotate the coordinates
of objects relevant to the questions within the 8K image and
crop these images to 4K resolution. This benchmark aims to
systematically evaluate the ability of MLLM to perceive HR
images, thus paving the way for future research.

Secondly, we conduct a series of experiments on the HR-
Bench to explore the effects of image resolution on MLLMs.
We select SOTA MLLMs (Chen et al. 2024c; Liu et al. 2024a;
Bai et al. 2023b) to evaluate their performance across vary-
ing image resolutions (e.g., 1K, 2K and 8K resolution). The
experimental results indicate that downsampling HR images
to a lower, fixed resolution leads to a significant loss of visual
information. This degradation increases the uncertainty in the
model’s output, making them more prone to errors. Notably,
the integration of information from other modalities (e.g.,
text), proves effective in mitigating the adverse effects of lost
visual information.

Finally, we combine what we have learned above to de-
sign a new training-free framework which we call ®Divide,
@Conquer and @Combine (DC?). Our DC? processes HR
images by breaking them down into smaller, manageable
image patches and using their accurate text descriptions to
enhance MLLMs perception, as shown in Figure 1 (b). Specif-
ically, © we divide an HR image into smaller patches recur-
sively until they match the resolution of the pretrained visual
encoder (e.g., 336 x 336). To enhance computational effi-
ciency, similar patches are merged. In the conquer stage®@,
we use MLLM to generate text descriptions for each image
patch. During the combine stage®, we aggregate the text de-
scriptions and filter out hallucinations caused by the dividing
stage. Directly using all text descriptions can hurt perfor-
mance due to excessive input length. Inspired by Wu and Xie
(2024), we introduce a visual memory M to store objects

7908

which appear in the text description, and coordinates of im-
age patches. In the inference stage, we use the user prompt to
interact with M, enabling MLLM to generate more precise
text descriptions. Experiments demonstrate that our DC? sig-
nificantly improves performance on HR image benchmarks
and outperforms existing methods on general multimodal
benchmarks.
Our contributions are summarized as follows:

* We introduce HR-Bench to systematically evaluate the
perception ability of MLLMs in HR images. To the best
of our knowledge, we are the first to propose an 8K image
resolution benchmark for MLLMs.

* Based on our HR-Bench, we explore the impact of im-
age resolution on MLLMs. we find that downsampling
HR images reduces visual information, increasing uncer-
tainty and errors in model outputs. Fortunately, adding
proper textual information can effectively restore these
lost information.

* Given our observation, we propose a training-free frame-
work DC? to effectively enhance the MLLM’s perceive
ability on HR images. Experimental results on our HR-
Bench and general multimodal benchmarks using sev-
eral advanced MLLMs, show that our approach brings
consistent and significant improvements (up to +12.0%
accuracy).

Preliminaries and Related Work

MLLMSs generally include a Visual Encoder (Radford et al.
2021) for extracting visual features and a Large Language
Model (LLM) (Touvron et al. 2023a,b; Bai et al. 2023a; Cai
et al. 2024; GLM et al. 2024) for decoding text sequences.
Both the visual encoder and LLM are usually initialized
from pre-trained models. The vision and language modalities
can be connected by Multimodal Connector (e.g., MLP).
MLLMs generate sentences in an auto-regressive manner,
predicting the probability distribution of the next token pro-
gressively. To maintain consistency with the image resolution
used during visual encoder pre-training, MLLMs typically
resize the image to a fixed resolution (e.g., 336 x 336 in
LLaVA) before extracting visual features through the visual
encoder. However, this simplification often results in sig-
nificant shape distortion and blurring of HR image content.
To address this issue, current solutions can be divided into
1) cropping-based methods, 2) incorporating HR visual
encoder methods, and 3) visual search methods.

Cropping-Based Methods. The representative cropping-
based methods for HR MLLMSs are introduced in LLaVA-
NeXT (Liu et al. 2024b) and InternVL-v1.5 (Chen et al.
2024c), which partition an image into several patches, each
encoded separately by ViT (Dosovitskiy et al. 2021) and sub-
sequently concatenated for LLM processing. Several meth-
ods have adopted cropping to scale up resolution (Chen et al.
2024a; Zhang et al. 2024; Liu et al. 2024c).

HR Visual Encoder. Incorporating a HR visual encoder
for HR image understanding does not substantially increase
the number of visual tokens. Vary (Wei et al. 2023) and
Deepseek-VL (Lu et al. 2024) harness SAM (Kirillov et al.



2023) as a HR visual encoder to boost ViT’s capabilities. Sim-
ilarly, MiniGemini-HD (Li et al. 2024a), LLaVA-HR (Luo
et al. 2024) and ConvLLaVA (Ge et al. 2024) leverage Con-
vNeXt (Liu et al. 2022) to handle HR images, utilizing cross-
attention or adapter to extract visual features.

Visual Search. Inspired by key elements in the human vi-
sual search process, Wu and Xie (2024) introduce SEAL, a
meta-architecture for MLLMs. SEAL is designed to actively
reason about and seek out necessary visual information, a
crucial capability for vision-intensive multimodal tasks, es-
pecially when dealing with HR images.

Despite numerous advanced strategies proposed to enhance
MLLMs’ perceptual ability for HR images, the image res-
olution of current benchmarks (Wu and Xie 2024; Mathew,
Karatzas, and Jawahar 2021; Masry et al. 2022; Yue et al.
2024; Kembhavi et al. 2016; Yifan et al. 2023; Yuan et al.
2023; Fu et al. 2023; Yu et al. 2024; Han et al. 2023; Chen
et al. 2024b) remains capped at 2K. In contrast, the latest
MLLM:s now handle 4K HR images (Chen et al. 2024c; Dong
et al. 2024b). This discrepancy indicates a pressing need for
higher resolution MLLM benchmarks. Additionally, the fac-
tors influencing perceptual ability of MLLMs for HR images
have not been thoroughly investigated.

How does Image Resolution Affect MLLMs?
HR-Bench

To systematically evaluate the effect of image resolution on
MLLMs, we need a benchmark with sufficiently high resolu-
tion. We analyze the image resolution of 21 commonly used
multimodal benchmarks and find that the benchmark with the
highest image resolution is V*, which is only 2246 x 1582.
The average resolution of the 21 multimodal benchmarks
is 530 x 518. However, it is known that the current SOTA
MLLMs (Chen et al. 2024c; Dong et al. 2024b) are capable
of handling 4K images. Thus, we introduce the HR-Bench
using 200 8K resolution images from DIVSK (Gu et al. 2019)
and the Internet. Our HR-Bench has significantly high reso-
lution than other MLLM benchmarks — 4 x more than V*.

HR-Bench Curation. HR-Bench consists two sub-tasks:
Fine-grained Single-instance Perception (FSP) and Fine-
grained Cross-instance Perception (FCP). The FSP task
includes 100 samples, challenging the MLLM to identify
specific attributes such as color and material of an object.
Similarity, the FCP task also comprises 100 samples but
focuses on assessing the MLLM’s ability to determine the rel-
ative positions between objects in an image. Both the images
and questions are meticulously selected and crafted by human
annotators to ensure it is challenging to “guess” the correct
answer without accurately grounding the relevant objects in
the image. In addition, the 8K images are cropped around
the objects in question to produce 4K images. For clarity, 8K
resolution images are termed HR-Bench 8K, while the 4K
resolution images are referred to as HR-Bench 4K.

Evaluation of Protocol. To quantitatively compare
MLLMs on our HR-Bench, we create multiple choice op-
tions for each question. Recognizing that MLLMs can be
sensitive to the order of options in multiple choice questions,

7909

we use a more robust evaluation strategy called Cyclic Per-
mutation (Zheng et al. 2023). In particular, each question is
presented to an MLLM N times, with IV being the number of
choices. Each time, the order of options are rotated to form a
new prompt for the MLLMs. After completing N passes, we
calculate and report the average accuracy, ensuring a more
reliable assessment.

Pilot Experiments

Despite the numerous advanced strategies proposed to handle
HR images (Chen et al. 2024c; Dong et al. 2024b), the impact
of image resolution on MLLMs remains underexplored. Here,
we raise two questions:

— How does image resolution affect MLLMs?

— How can we use answer to the above question to improve
on prior methods?

To answer these questions, we perform experiment on the
existing SOTA MLLMs, selecting four widely used mod-
els: LLaVA-v1.5 7B & 13B (Liu et al. 2024a), Qwen-VL-
Chat (Bai et al. 2023b) and InternVL-v1.5-Chat (Chen et al.
2024c). These models cover various dimensions, including
model scales, types of multimodal connectors, and types of
visual encoders, enabling a more comprehensive analysis.

How does image resolution affect MLLMs? We conduct
experiments on our HR-Bench. We manually annotate the
coordinates of relevant objects in each sample, and then crop
the images centered on these coordinates to obtain images
with different resolutions. During the cropping process, we
maintain the original image aspect ratio. We use the follow-
ing metrics to assess the impact of resolution for MLLMs: (1)
Accuracy and (2) Uncertainty Score, which measures the
model’s confidence in generating the next token (Zhou et al.
2024). A higher uncertainty score indicates greater uncer-
tainty about the output, suggesting that the model’s outputs
are more likely to be inaccurate.

Figure 2 (a) and (b) illustrate that, across all models, the
accuracy significantly decreases and uncertainty score
increases as the image resolution grows. This can be intu-
itively explained by the significant loss of visual information
during the downsampling of HR images. To prove this, Fig-
ure 2 (c) shows examples of images resized from various
resolutions to 336. We observe that resizing from HR to low-
resolution results in blurriness and a loss of detailed visual
information.

Finding 1: Downsampling higher-resolution images to a
fixed resolution leads to greater visual information loss, in-
creasing model output uncertainty, thereby causing output
errors.

Can we use language modality information to compensate
Jor the missing visual information? To answer this ques-
tion, we design two experiments: 1) We manually provide
rich text descriptions of the images in our HR-Bench 8K,
detailing the attributes of the objects (e.g., color) and the
relative positions between them in the image (“T”’). We DO
NOT directly provide the answer to the question. 2) We ex-
tract the key image region, which the MLLM can rely on to
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resized from different resolutions into 336 (c).

generate correct answers, and replace the HR input to pre-
vent visual information loss during downsampling (“P”). As
shown in Figure 3, we find that 1) by introducing rich text
descriptions, the performance is significantly improved on
our HR-Bench 8K and 2) incorporating text descriptions can
achieve performance comparable to preserving key regions
of the image.
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Figure 3: The effect of incorporating rich text description
on model performance. “T” represents text descriptions. “P”
represents key image regions.

Finding 2: The visual information loss due to downsam-
pling in HR images can be compensated by relevant textual
information.

Methodology

Overviews. Based on the aforementioned findings, we
propose a novel training-free framework — @ Divide, @
Conquer and @ Combine (DC?) (see Figure 4). The design
principle of our method is to use the accurate text descrip-
tions of image patches to help MLLM better perceive HR
image. To achieve this, we first recursively split an image
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into image patches until they reach the resolution defined
by the pretrained vision encoder (e.g., 336 x 336), merg-
ing similar patches for efficiency (Divide). Next, we utilize
MLLM to generate text description for each image patch and
extract objects mentioned in the text descriptions (Conquer).
Finally, we filter out hallucinated objects resulting from im-
age division and store the coordinates of the image patches
which objects appear (Combine). During the inference stage,
we retrieve the related image patches according to the user
prompt to provide accurate text descriptions.

Dividing: Image Division
The goal of the Divide stage is to decompose the image
into the resolution defined by pretrained visual encoder (e.g.,
336 x 336), avoiding excessive visual information loss due
to downsampling. However, we find that decomposing HR
images into an excessive number of image patches disrupts
object integrity, hindering the acquisition of global image
information. Inspired by CNN (LeCun et al. 1989; He et al.
2016), we recursively decompose the image, dividing it into
four equal parts until the resolution defined by pretrained
vision encoder is reached, thereby reducing the loss of global
information. As shown in Figure 4, the entire process can be
visualized as a tree-like structure.

Specifically, given an image v;, we crop v; into four
patches. Mathematically, this operation can be described as:

{Ez ?:1 = -Fcrop(vl)v (1)
where [ represents the indices of the current recursive layer
and 7 represents the {—th image patch. F,,,,(-) is the crop-
ping function used to split the image into four image patches.

However, it is not efficient to perform recursion for
each image patch. In fact, visual signals have high redun-
dancy (Bolya et al. 2023). To optimize computational effi-
ciency, we merge (i.e., by averaging) the image patches with
similarity greater than 6 by performing hierarchical cluster-
ing (HC) on the image patches. This can be formulated as
follows:

[Cy,...,Ch] = HC({T'}}_,0), 2)
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where the & represents the number of clusters and C; repre-

sents the i—th cluster. Thus, the output of Divide stage is

{vj 1 }F, in current recursive layer. Then, the v}, serves

as the input to the next recursive layer.

Conquering: Local Image Perception

In the Conquer stage, image patches obtained in dividing
process are used to generate text description and extract ob-
jects information by the MLLM. Specifically, given an image
vy, we firstly utilize MLLM to generate text description 7;.
Then, we identify the main objects O; mentioned in the gen-
erated text description 7;. We denote the image patch which
does not branch out to any other image patches as leaf node,
while others are called non-leaf nodes. For a leaf node, we
directly use MLLM to generate text description 7;. For non-
leaf node, we concatenate the text descriptions from image
patches {v] , }*_; (i.e., Tj11) to generate text description for
image v;. This is formulated as follows:

{

where the Ficq¢(+) is used to generate the text description 7;
and extract objects O; for leaf nodes while F,on—jeqf(-) is
used for non-leaf nodes.

T‘laOl
T;,0, =

= -Fleaf(vl)
non leaf(vlaTllJrl)

if v; is a leaf node
otherwise

“
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Combining: Global Fusion

In the Combine stage, we aggregate the information from
image patches. Actually, image division disrupts the integrity
of objects leading to output with object hallucination. There-
fore, we need to filter out object hallucination caused by
image division. Additionally, using text descriptions of all
image patches can result in excessively long input text, which
hurt performance during inference. Inspired by Wu and Xie
(2024), we introduce visual memory M. We obtain the co-
ordinates of the image patch where each object is located
and store them in visual memory M. During inference, we
retrieve the image patches containing the objects mentioned
in the user prompt and generate text descriptions. We use
(z,y,w, h) to represent the coordinate of image patch (i.e.,
bounding box). The = and y represent the coordinate of the
left and top in the global image. The w and h represent the
width and height of the image patch respectively.

Filter. One straightforward approach is to calculate the
uncertainty score (Zhou et al. 2024) by the probability of au-
toregressive decoding for each object. However, this method
tends to be inefficient for filtering out hallucinated objects.
Indeed, for a real existing object, it will be found by the
MLLM in successive recursive layers. Based on this, we take
the intersection of O; and O;4 1, considering the objects O,
in both sets to be actually existing. This can be formulated as
follows:

O = 01N 01 )



Storing in the Visual Memory M. After obtaining the
actually existing objects O; and the coordinates of image
patches, we store them in the visual memory M. Two issues
arise during storage: 1) overlapping image patches for the
same object, and 2) coordinate representation of merged
image patches. To address overlapping image patches, we
apply Non-Maximum Suppression (NMS) to retain the patch
that best represents the object. For coordinate representation,
we save the coordinates before merging the image patches.

Inference Details

In the inference stage, we utilize the user prompt to interact
with visual memory M. Specifically, given a user prompt
Q, we use a textual retriever (Izacard et al. 2022) to retrieve
related objects with confidence levels exceed o.. Subsequently,
we obtain the image patches for the retrieved objects to allow
MLLM to generate accurate text descriptions 7'. Finally, we
concatenate the accurate text descriptions 7" with user prompt
@ and utilize the MLLM to generate the final response.

Experiments
Evaluation on HR-Bench 8K

Overall performance. As shown in Table 1, the most pro-
ficient open-source MLLM, InternVL2-llama3-76B (Chen
et al. 2023), achieves accuracy of 61.4% on HR-Bench 8K.
Even the most advanced models, Gemini 1.5 Flash (Reid et al.
2024), GPT40 (Achiam et al. 2023), QWen-VL-max (Bai
et al. 2023b) achieve accuracies of 62.8%, 55.5% and 52.5%
on HR-Bench 8K. The results demonstrate that existing
MLLMs still have a significant gap compared to humans
in their perception of HR images.

Our DC? brings consistent improvements on HR-Bench
8K. We observe that our DC? achieves consistent and sig-
nificant improvement across four models and two sub-tasks.
Our DC? brings a maximum of 5.7% and 3.0% accuracy
improvement on FSP and FCP respectively. Additionally,
InternVL-v1.5 with our DC? surpasses the current SOTA
Gemini 1.5 Flash in the FSP sub-task, achieving an accu-
racy of 75.0%. The results show that our method has a clear
advantage with HR images.

General Multimodal Benchmarks Evaluation

To verify that our DC? is not only applicable to HR images,
we also conduct experiments on general MLLM benchmarks.
As shown in Table 2, our DC? not only brings up to a 12% im-
provement in accuracy on 2K resolution MLLM benchmark
V* (Wu and Xie 2024) but also shows significant improve-
ments in object hallucination evaluation POPE (Yifan et al.
2023) and comprehensive multimodal benchmark MME (Fu
et al. 2023).

Ablation Study

In Table 3, we explore different modules, including merge,
retrieval, filter, visual memory and recursive crop. The merge
module causes a minor 0.5% performance drop but enhances
inference efficiency by reducing image patches. Excluding
visual memory necessitates generating text descriptions for
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Method HR-Bench 8K
FSPr  FCPT Avg?

Human 94.0 79.5 86.8

Random Guess 25.0 25.0 25.0

Open-source MLLMs

InternVL-2-llama3-76B 69.0 53.8 614
InternVL-1.5-26B 69.3 46.5 57.9
Xcomposer2-4kHD-7B 55.3 47.3 51.3
LLaVA-1.6-34B 44.5 50.3 474
LLaVA-HR-X-13B 49.5 443 46.9
Commercial chatbot systems
Gemini 1.5 Flash 69.2 56.7 62.8
GPT4o 62.0 49.0 55.5
QWen-VL-max 54.0 51.0 52.5
w/ our DC?

InternVL-1.5 26B 75.0 47.5 61.3
A1) +5.7 +1.0 +3.4

- LLaVA-vl.67B 405 450 @ 423
A1) +3.3 +0.8 +2.1

- LLaVA-vl513B 400 410 405
A1) +2.5 +3.0 +2.7

“Yi-vL6B 390 410 400
A1) +0.5 +1.7 +1.1

Table 1: Results of different models on HR-Bench 8K. The
best performance in each task is in-bold. The “A(?)” repre-
sents the performance gains of our DC? against the baselines.
Due to space limitations, only the results of the top 5 open-
source MLLMs and the top 3 commercial chatbot systems
are presented here.

image patches during inference, leading to longer inputs and
a 2.6% performance drop. Removing the filter compromises
object integrity in images, causing incorrect text descriptions
and a 4.6% performance decrease. Omitting recursive crop-
ping severely impacts object integrity and increases input text
length, resulting in a substantial 10.2% performance decline.

Trade-off Between Performance And
Computational Cost

Researchers may have concerns regarding the efficiency of
DC?2. To address this, we present Table 4, which illustrates
the relationship between throughput and accuracy under vari-
ous 6 values (used to merge image patches), comparing these
results with the SOTA method visual search (Wu and Xie
2024). As depicted, a decrease in 6 leads to a continuous
increase in accuracy on the HR-Bench 8K, accompanied by
a decrease in efficiency. Notably, DC? achieves higher accu-
racy than visual search for equivalent throughput, indicating
a reasonable trade-off between performance and efficiency.

When and Why Does Our Method Work?

Reviewing the design principles of DC?: using text descrip-
tions of image patches to help MLLM better perceive HR
image. To explore the underlying mechanism of DC?2, we per-
form experiments that help address the following questions:



[-)]
o

[3.]
o

—@— LLaVA-v1.5 13B w/ DC?

w B v [&]
(%] o o 7]

w
o
o

Accuracy on HR-Bench 4K (%)
&
Recall@2 on HR-Bench 4K (%)

1 2 3

(a)

4
Value of recursion layer

—- LLaVA-v1.5 7B w/ DC?

5

IS
o

IS
1)

©w
(L]

w
o

N
(3]

6 7

1 2

gzo —e— LLaVA-v1.5 13B w/ DC?
¥ —m- LLaVA-v1.5 7B w/ DC?
=
215
aQ
4
£ 0 ./././0\‘\‘\‘
5

~®— LLaVAv1.513Bw/DC?> 3 4

B LLaVAVI57BwW/DC2 § g W & & _—u—u

3 4 5 6 7
Value of recursion layer

(b)

4 5 6 7

Value of recursion layer

(c)

Figure 5: Effect of recursion layers on HR-Bench 4K. (a) Overall performance, (b) Recall@2, (c) mloU scores.

Method | %) POPE? MME? Method Throughput? Acc.

Yi-VL-6B 40.9 83.1 1902.7 DC? w/o merge 2.8 39.5
+DC? 46.2 83.2 1918.2 DC?(0 = 0.1) 3.1 39.5

LLaVA-v1.5-7B 46.2 85.6 1755.9 DC?(0 = 0.2) 4.6 36.5
+DC? 57.3 86.8 1778.7 DC?(0 = 0.3) 5.0 35.5

LLaVA-v1.5 13B 427 85.5 1773.6 © Visual Search 46 356
+DC? 54.7 86.5 1779.1

Table 2: Evaluation on broader range of general multimoadal
benchmarks. DC? can also bring significant improvements
on general multimodal benchmarks. The results are measured
by VLMEVALKIT (Duan et al. 2024).

Method V*1  HR-Bench 8KT Avg.1
DC? 57.3 39.5 48.4
- wlomerge 583 395 489
w/o visual memory  55.6 36.0 45.8
w/o filter 52.6 35.0 43.8
w/o recursive crop  43.9 32.5 38.2

Table 3: Ablation studies of our DC?. We conduct experi-
ments on V* and HR-Bench 8K using LLaVA-v1.5 7B.

1. Does increasing the number of image patches improve
performance? We illustrate the relationship between the num-
ber of recursion layers and accuracy on HR-Bench 4K using
LLaVA-v1.5 7B & 13B. Figure 5 (a) shows that 1) increas-
ing the number of layers significantly improves accuracy; 2)
however, as the recursion layers increase, the performance
improvement gradually slows down. We observe that as the
recursion layers increase, the performance of FSP improves
significantly, but FCP appears to even slightly decline. More
image patches reduce visual information loss, benefiting
the FSP task.

2. Can DC? provide precise text descriptions to compen-
sate for the absence of visual information? To demonstrate
that our DC? can provide precise information about objects,
we employ the widely used evaluation metric Recall@2 to
assess the performance of retrieving pertinent objects from
visual memory M. Additionally, we utilize mIoU to provide
a more precise quantification of the overlap between the pre-

Table 4: Performance and inference efficiency. We illustrate
the correlation between throughput (samples per minute)
and the accuracy of the LLaVA-v1.5 7B enhanced with the
proposed DC? across varying # values on the HR-Bench 8K.
Additionally, we also compare with SOTA method Visual
Search, which is also used for HR images.

dicted bounding boxes derived from our DC? and ground
truth. As shown in Figure 5, the results show that 1) within
a reasonable range of recursion layers, increasing the depth
of recursion layers can yield more accurate object location
information. 2) The more accurate the object location in-
formation provided by MLLM, the higher the accuracy on
HR-Bench 4K. DC? can determine the position of objects in
the image, thereby providing more accurate text description
to compensate for missing visual information.

Conclusion

In this paper, we propose an 8K image resolution benchmark,
namely HR-Bench and introduce a training-free framework
— Divide, Conquer and Combine (DC?). We systematically
evaluate open-source and commercial models on HR-Bench.
From the results, we mainly conclude that: (1) MLLMs cur-
rently fall significantly short of humans in perceiving HR
images; (2) current MLLMs lose a significant amount of vi-
sual information when resizing HR images to low-resolution,
but this loss can be compensated for with text information;
(3) our DC? improves the current MLLMs’ ability to per-
ceive HR images. In the future, we will explore advanced to-
ken compression technologies, such as token merging-based
methods for more efficient processing of images at any reso-
lution, which could further enhance the MLLM’s ability for
high-resolution perception.
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