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Abstract

The incorporation of high-resolution visual input equips
multimodal large language models (MLLMs) with en-
hanced visual perception capabilities for real-world tasks.
However, most existing high-resolution MLLMs rely on a
cropping-based approach to process images, which leads to
fragmented visual encoding and a sharp increase in redun-
dant tokens. To tackle these issues, we propose the FAL-
CON model. FALCON introduces a novel visual register
technique to simultaneously: 1) Eliminate redundant to-
kens at the stage of visual encoding. To directly address the
visual redundancy present in the output of vision encoder,
we propose a Register-based Representation Compacting
(ReCompact) mechanism. This mechanism introduces a set
of learnable visual registers designed to adaptively aggre-
gate essential information while discarding redundancy. It
enables the encoder to produce a more compact visual rep-
resentation with a minimal number of output tokens, thus
eliminating the need for an additional compression mod-
ule. 2) Ensure continuity in visual encoding. To address
the potential encoding errors caused by fragmented visual
inputs, we develop a Register Interactive Attention (ReAt-
ten) module. This module facilitates effective and efficient
information exchange across sub-images by enabling inter-
actions between visual registers. It ensures the continuity of
visual semantics throughout the encoding. We conduct com-
prehensive experiments with FALCON on high-resolution
benchmarks across a wide range of scenarios. FALCON
demonstrates superior performance with a remarkable 9-
Jold reduction in visual tokens.

1. Introduction

Recently, multimodal large language models (MLLMs) [2,
9, 30, 32, 59, 60] have made significant advancements in
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Figure 1. Comparison between existing high-resolution MLLMs
and FALCON. FALCON eliminates visual redundancy and en-
sures the continuity of high-resolution encoding through the use
of ReCompact and ReAtten mechanisms.

performing various vision-language tasks [45, 46, 61], fa-
cilitating more natural human-machine interactions. Early
MLLMs [9, 32, 59] typically processed images at a fixed
low resolution, such as 224x224. This limited their capa-
bilities in many real-world applications that require high-
resolution input. To equip MLLMs with high-resolution
visual perception, recent efforts [15, 17, 33, 58, 67] have
introduced a cropping-based high-resolution processing
method. Specifically, As shown in Fig. 1(b), this approach
crops high-resolution images into multiple non-overlapping
sub-images that match the pre-trained resolution of the en-
coder. Each sub-image is processed independently by the
vision encoder. Then the resulting visual features are con-
catenated and fed into the large language model (LLM).

Although effective, cropping-based methods still face is-
sues of: 1) Visual Redundancy. The number of visual to-
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kens grows dramatically with increasing resolution. While
this enriches the visual details, it also leads to an increase
in redundant tokens. These redundant tokens significantly
increase the computational burden on LLM and interfere
with the processing of visual information [65]. To address
these issues, as illustrated in Fig. 1(b), existing methods
typically rely on additional compression techniques. Rep-
resentative approaches include combining learnable queries
with cross-attention [1, 28, 60] or simply employing pool-
ing layers [48, 55]. However, these methods either demand
substantial training resources or fail to fully address redun-
dancy. 2) Visual Fragmentation. Cropping an image into
multiple non-overlapping sub-images may disrupt visual se-
mantics and potentially lead to encoding errors. As shown
in Fig. 1(a), in an OCR task, the word “pineapple” may be
incorrectly segmented into “pine” and “apple”, causing the
LLM to misinterpret the word. Similarly, fragmentation can
also hinder the identification of objects. For example, the
“rubin vase” pattern illustrated in Fig. 1(a) depicts both a
vase and two faces simultaneously. However, the fragmen-
tation could lead to the vase being unrecognizable.

To address these issues, as shown in Fig. 1(c), we pro-
pose the FALCON model. FALCON introduces a novel
visual register technique to simultaneously: 1) Eliminate
redundant tokens during visual encoding. To eliminate
redundancy directly at the stage of visual encoding, we
propose a novel Register-based Representation Compacting
(ReCompact) mechanism. This mechanism introduces a
set of learnable visual registers as additional inputs to the
vision encoder. The registers are designed to adaptively ag-
gregate essential information from image tokens and dis-
card redundant content. Then the outputs corresponding to
the visual registers are considered as a non-redundant visual
representation, serving as the compact input for the LLM in-
stead of a large number of image tokens. This mechanism
enables the vision encoder to convey comprehensive visual
information in a compact representation using minimal to-
kens, thus removing the need for an additional compres-
sion module. 2) Ensure continuity in visual encoding. To
avoid the potential encoding errors caused by fragmented
visual inputs, we develop a novel Register Interactive Atten-
tion (ReAtten) module. This module leverages the compact
and comprehensive representation produced by visual regis-
ters to facilitate information exchange across sub-images. It
gathers visual registers from different sub-images and em-
ploys a specialized cross-ViT attention module to enable in-
teractions among them. Such interaction enables thorough
information exchange across the entire image, thus ensur-
ing visual continuity throughout the encoding process. Ad-
ditionally, the compactness of the visual registers further
enhances the efficiency of these interactions. Consequently,
this module provides LLMs with a reliable foundation to ac-
curately interpret visual content and reduce hallucinations.

Note that the widely used Abstractor-like modules [28,
33, 58, 60], including QFormer [9], ReSampler [1], fol-
low a similar approach by using query tokens to extract in-
formation from image tokens after visual encoding. The
key difference is that the visual register mechanism directly
adopts the pretrained ViT to aggregate information into a
set of specified register tokens. This design is based on the
observation that a well-pretrained ViT can naturally gather
global information into some specific tokens through self-
attention [10]. It offers the visual register mechanism sev-
eral strengths in terms of: 1) Training Efficiency. The
substantial number of randomly initialized parameters in
Abstractor-like modules requires extensive data for pre-
training. For instance, QFormer [22], Abstractor [60],
and Resampler [1] use large corpora of 129M, 400M, and
1.4B samples, respectively. In contrast, by leveraging well-
pretrained ViT parameters, the visual register mechanism
requires only 3.5M samples for pretraining. The ablation
results in Fig. 4 further demonstrate this advantages. 2) Ad-
dressing Visual Fragmentation. By leveraging the com-
pact and comprehensive representation produced by visual
registers, the proposed ReAtten module can effectively fa-
cilitate information exchange across sub-images. This is an
important function that is notably lacking in Abstractor-like
modules. Combined with ReCompact, it enables the vi-
sual register mechanism to simultaneously address the
issues of visual redundancy and fragmentation. The ab-
lation results in Tab. 5 validate the effectiveness of ReAtten.

We summarize our main contributions as follows:

* To address the issue of visual redundancy directly at the
encoding phase, we introduce the Register-based Rep-
resentation Compacting (ReCompact) mechanism. This
mechanism enables vision encoder to capture rich visual
information using only a minimal number of tokens, ef-
fectively eliminating redundancy and obviating the need
for additional compression modules.

* To address the issue of visual fragmentation caused by
image cropping, we propose the register interactive atten-
tion (ReAtten) module. This module ensures the semantic
continuity of high-resolution visual encoding in an effi-
cient and effective manner.

* We introduce FALCON, a model that leverages the pro-
posed visual register technique. Comprehensive eval-
uations on high-resolution visual understanding bench-
marks highlight the superiority of FALCON. Notably,
FALCON achieves exceptional results with a remarkable
reduction in visual tokens by 9x.

2. Related Work

2.1. Multimodal Large Language Models

Research on MLLMs [1, 2, 30, 47, 59, 60] has made sig-
nificant strides in recent years. By incorporating image in-
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Figure 2. Overall framework of the proposed FALCON. The model introduces a set of learnable visual registers, which are fed into the
ViT along with the image tokens from each sub-image. During the visual encoding, the ReCompact mechanism enables information from
the image tokens to be aggregated into the visual registers, while the proposed ReAtten facilitates information exchange among the visual
registers across different sub-images. Ultimately, these visual registers provide a compact visual representation as input to the LLM.

puts into pretrained LLMs [8, 51, 52], MLLMs demonstrate
strong capabilities across various vision-language tasks.
Typically, these models use a pretrained vision encoder [43,
62] to transform input images into a set of visual tokens.
These tokens are then projected into the input space of
the LLM through a projection module (e.g., MLP [30, 32],
QFormer [9] and Abstractor [60]) and processed alongside
text inputs. Building on the progress of MLLMs, recent
studies have shifted from designing specialized methods for
certain tasks [44-46] to employing MLLMs as generalist
agents, capable of handling diverse practical tasks such as
document analysis [15, 57, 64], online video assistant [24],
retrieval-augmented generation [40], game agents [27, 29],
robot manipulation [18, 21, 39], and GUI agent [3, 5, 54].
Despite these advances, MLLMs still struggle with the fixed
low resolution of pretrained image encoders, which can
limit their effectiveness in handling high-resolution images.

2.2. High-resolution MLLMs

To address the limitation of MLLMs in handling only low-
resolution visual inputs, early studies attempted to either
directly incorporate vision encoders that were pre-trained
on higher-resolution images [36, 38], or to improve the
resolution of pre-trained encoders through additional train-
ing [1, 60]. While achieving some progress, they still re-
main restricted by the fixed resolutions. To accommodate
the varying resolutions and aspect ratios, cropping-based
techniques have been widely adopted in recent works [15,
17, 33, 58, 67]. However, these approaches still face chal-
lenges related to visual redundancy and fragmentation.

To mitigate the issue of redundancy, existing models typ-
ically require an additional compression module. For ex-
ample, Abstractor-like modules utilizing learnable queries
combined with cross-attention are widely adopted [1, 28,
33, 58, 60]. These modules typically require pretraining
on massive amounts of data, which diminishes their prac-
tical efficacy. In contrast, some approaches use pooling

layers [48, 55] or convolutional layers [15, 36]. Though
resource-efficient, they often fail to address the issue of re-
dundancy. In this work, we present an initial exploration
to directly eliminate redundancy during the visual encoding
phase, thereby removing the need for additional compres-
sion. To address the issue of fragmentation, several concur-
rent studies also make preliminary investigation. TextMon-
key [33] uses Shifted Window Attention [35] to exchange
information between sub-images. But the exchange is still
limited to local regions. MiniMonkey [16] proposed a
Complementary Image Pyramid strategy to generate com-
plementary cropping schemes. However, this strategy in-
evitably encodes the same visual content multiple times,
further exacerbating visual redundancy. In this work, we
propose the ReAtten module to facilitate continuous visual
encoding through the interaction among visual registers.

3. FALCON

The overall framework of FALCON is illustrated in Fig. 2.
The method begins with shape-adaptive cropping [58],
where the image is cropped into multiple non-overlapping
sub-images, each matching the resolution of the pre-trained
vision encoder. Additionally, a resized version of the full
image is used to supplement global layout information. To
directly eliminate redundancy during visual encoding, we
propose Register-based Representation Compacting (Re-
Compact) mechanism. This mechanism introduces a set of
learnable visual registers, which are paired with image to-
kens from each sub-image and fed into the vision encoder
to capture rich visual information. To ensure the continuity
of visual semantics throughout the encoding, a novel Regis-
ter Interactive Attention (ReAtten) module is integrated into
the Vision Transformer (ViT) [11] to facilitate information
exchange between sub-images via the visual registers. Fi-
nally, the compact visual representations produced by the
visual registers are processed through a simple MLP mod-
ule before being fed into the LLM for further analysis.
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3.1. Mitigating Visual Redundancy via ReCompact

Existing MLLMs typically use a ViT-based vision encoder,
such as CLIP [43]. For an input image of size H x W, itis
patchified into multiple P x P patches. Each patch is treated

as an individual image token, resulting in N = % X %
tokens, denoted as I = {i1,---,ixy}. In most current

MLLMs, output features corresponding to all image tokens
are usually preserved in their entirety. However, when high-
resolution images are included, the number of image to-
kens increases dramatically, placing a substantial burden on
the computational resources of LLMs. Consequently, most
high-resolution MLLMs necessitate an additional compres-
sion module, which can be resource-inefficient. Previous
research has shown that most image tokens contain only lo-
calized information from their surrounding areas [10]. It
suggests that a significant portion of these tokens may be
redundant, particularly those originating from background
regions. This observation motivates us to directly eliminate
redundancy in the output of the vision encoder, thereby re-
ducing the number of visual tokens and avoiding the need
for an additional compression module.

To achieve this, we propose a novel Register-based Rep-
resentation Compacting (ReCompact) mechanism. This
mechanism employs a set of visual registers to aggregate
essential information from image tokens, resulting in a
more compact visual representation. Specifically, as shown
in Fig. 2, we introduce a set of learnable visual registers,
denoted by R = {ry,--- ,rar}, where M represents the
number of visual registers, and M < N. Given a sin-
gle input image, the image tokens are concatenated with
visual registers to create a new input for ViT, represented
as V' = Concat(I, R) = {i1, - ,in,r1,- -+ ,7ar}. During
visual encoding, the self-attention mechanism in ViT en-
ables the visual register to adaptively aggregate important
information from image tokens while discarding redundant
content. Denote X ; € RIN+M)XD a4 the input hidden
states of the k-th sub-image at the [-th layer, where D is the
dimensionality. The self-attention is formulated as:

Xk,lxg,l)

X1 = Self-Atten(X}, ;) = Softmax( Xis (1)

key

Notably, we do not apply any attention masks for specific
constraints. Our experiments show that pretraining on a
modest amount of data is sufficient to effectively adapt the
pretrained ViT to the proposed ReCompact, enabling it to
aggregate essential information within the visual registers.
After visual encoding, The output features corresponding to
the visual registers, denoted as F' = {f1,--- , fas }, are then
used as the visual representation of the image and fed into
the LLM for various vision-language tasks.

To further adapt the ReCompact mechanism for
cropping-based high-resolution image perception, we share

the same set of visual registers as input for different sub-
images. The input for the k-th sub-image is formulated
as Vi, = Concat(Iy, R), where k = 1,2,--- , N, and N,
denotes the total number of sub-images. After encoding,
the outputs of the visual registers for all sub-images are
concatenated, yielding F},. = Concat(Fy, s, -+, Fn,),
which serves as the input to the LLM. The ReCompact
mechanism enables the vision encoder to represent rich vi-
sual information using only a minimal number of M tokens
per sub-image, which significantly reduces the visual redun-
dancy and eliminates the need for additional compression.

3.2. Ensuring Visual Continuity via ReAtten

When using the cropping-based high-resolution image en-
coding method, each sub-image is independently encoded
by the vision encoder. This process can disrupt semantic
coherence and result in the misrepresentation of visual con-
cepts. To preserve the continuity of visual semantics, it is
crucial to enable information exchange between sub-images
during encoding. A naive approach would be to directly
concatenate the image features from all sub-images and ap-
ply self-attention. However, the quadratic computational
complexity makes this approach impractical. In Sec. 3.1,
we introduced the ReCompact mechanism, where the vi-
sual registers effectivly aggregate rich visual information
while discarding redundancy during visual encoding, al-
lowing them to serve as compact yet comprehensive image
representations. Consequently, interactions between visual
registers can naturally facilitate sufficient information ex-
change across different sub-images in an efficient manner.
To enable information exchange between visual regis-
ters across different sub-images, we introduce a novel Reg-
ister Interactive Attention (ReAtten) module. As shown
in Fig. 2, the ReAtten module is integrated into each of the
L layers of the ViT. After the self-attention process in Eq.
(1), we acquire Xy, = {X/ , X[}, where X1 € RVxD
and XB e RMxD represent the hidden states corre-
sponding to image tokens and visual registers, respectively.
The states of the visual registers from different sub-images

are concatenated to form X = Concat ({X ,f:l}ff;l) €

RM-NexD Then these concatenated registers are processed
via ReAtten to enable information exchange across sub-
images, which can be formulated as:

le — ReAtten(XlR) = X'ZR + Cross-ViT—Atten(XlR) 2

where Cross-ViT-Atten is implemented as a self-attention
layer. Once the information exchange is completed, the reg-
isters and image tokens from a same sub-image are concate-
nated and then passed into the feedforward network (FFN)
for transformation, yielding the output of the I-th layer:

Xk7l+1 = FFN (Concat(Xlg)hYkR)l)) (3)
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By integrating ReAtten into each layer of the ViT model,
FALCON enables effective information exchange between
cropped sub-images through visual registers, thereby en-
suring semantic continuity of the high-resolution image
throughout the visual encoding process.

3.3. Learning Expressive Visual Representation via
Progressive Training Pipeline

To empower the ReCompact mechanism with the capabil-
ity to capture rich visual patterns and to enable smoother
initialization of the ReAtten module under high-resolution
conditions, we develop a specialized progressive training
pipeline. As illustrated in Fig. 3, this pipeline progressively
transitions from low to high resolution across four stages.
Stage 0: Static Alignment on Low-resolution. Since
both the visual registers and MLP projector are randomly
initialized, in stage 0, we aim to achieve a initial alignment
between the pretrained vision encoder and the LLM. To fa-
cilitate this, we begin by using low-resolution images as in-
puts, which are directly resized to match the resolution of
the vision encoder. We then statically pretrain the model
by keeping both the vision encoder and LLM frozen, tuning
only the visual registers and MLP using image caption data.
Stage 1: Coarse Alignment on Low-resolution. To
better adapt the pre-trained vision encoder to our newly in-
troduced ReCompact mechanism, in stage 1, we unfreeze
all model parameters to enable a more thorough tuning. To
facilitate the visual registers to progressively learn capturing
visual information from coarse to fine granularity, we con-

tinue to use low-resolution inputs and employ high-quality,
extended captions rich in visual content, along with full-text
OCR data for training. This design allows the registers to
acquire holistic scene understanding ability.

Stage 2: Refined Alignment on High-resolution. To
further enhance the capacity of the visual register to cap-
ture fine-grained visual details, in stage 2, we transition the
model to process high-resolution image for refined align-
ment. Additionally, we employ datasets that includes a se-
ries of fine-grained captions and OCR tasks, such as re-
gional captions and text location. This facilitates the visual
registers to capture comprehensive fine-grained details.

Stage 3: Instruction Tuning on High-resolution. To
adapt the well-aligned visual register for a wide range of
real-world tasks, in stage 3, we perform instruction tun-
ing with a mixture of datasets covering various tasks, such
as VQA, document understanding, and science reasoning.
Additionally, the proposed ReAtten module is integrated
to address visual fragmentation caused by cropping-based
high-resolution image encoding. Since the vision encoder
with ReCompact is well-aligned, the vision encoder is kept
frozen and other parameters including ReAtten are trainable
during instruction tuning. Notably, to facilitate a smoother
initialization for the newly introduced ReAtten modules, we
initialize parameters of each ReAtten module with the ViT
self-attention parameters at the corresponding depth. This
design enables ReAtten to effectively leverage pre-trained
parameters, avoiding the need for extensive fine-tuning.

4. Experiments

We implement FALCON with SigL.IP-L/16-384px [62] as
the vision encoder and Llama-3.1-8B-Instruct [12] as the
LLM backbone. A two-layer MLP module with GeLU [13]
activation is served as the vision-language projection layer.
The number of visual registers is set to 64, achieving re-
markable visual token compression rates of 9x. The maxi-
mum number of sub-images is set to 16.

4.1. Experimental Results

We evaluate FALCON using the recently proposed MME-
RealWorld [66] benchmark, a comprehensive and large-
scale benchmark specifically designed to assess the high-
resolution understanding capabilities of MLLMs. MME-
RealWorld comprises 13,366 high-resolution images with
an average resolution of 2,000x1,500 pixels, spanning five
domains: OCR in the wild, Remote Sensing, Diagrams
and Tables, Monitoring, and Autonomous Driving. This
benchmark is well-suited for evaluating the practical high-
resolution understanding capabilities of MLLMs.

As shown in Tab. 1, FALCON significantly outperform
other advanced MLLMs in both perception and reasoning
tasks. FALCON achieves state-of-the-art performance with
only 64 tokens per sub-image, resulting in a remarkable vi-
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Table 1. Evaluation on MME-RealWorld Benchmark. “OCR”, “RS”, “DT”, “MO”, and “AD” stand for OCR in the Wild, Remote Sensing,
Diagram and Table, Monitoring, and Autonomous Driving, respectively. “Avg” denotes the weighted average accuracy across all samples,
while “Avg-C” denotes the weighted average accuracy across different domains. “Size”” indicates the image resolution supported by the
model, where xn signifies a cropping-based high-resolution processing approach with up to n sub-images. “Token®” denotes the number
of visual tokens after compression. f For models utilizing hybrid vision encoders, “Size"” represents the setting of encoder with the
highest resolution. We gray out the models that are either closed-source or have at least twice the number of visual tokens compared to
ours. Among these, the lighter denotes scores below ours. The underline indicates that the second performance is achieved. Notably,
FALCON achieves state-of-the-art performance with just 64 tokens per sub-image, surpassing most models that have large amount of visual
tokens and many advanced closed-source commercial models.

Type ‘ Method Size®  Token® ‘ Perception ‘ Reasoning
\ Task Split |OCR RS DT MO AD | Avg Avg-C|OCR DT MO AD| Avg Avg-C
MiniGPT-v2 [4] 4482 256  |39.0 23.3 20.4 19.3 26.0/ 26.9 25.6 | 30.0 20.4 16.9 23.7| 23.0 22.7
Qwen-VL-Chat [1] 4482 256 324 15.1 15.6 22.1 15.11 20.8 20.1 | 28.6 13.6 16.5 24.6| 22.0 20.8
LLaVA1.5-13B [30] 3362 576 | 44.1 23.3 20.2 20.5 26.1| 28.4 26.8 | 30.2 20.8 27.5 24.8| 25.5 25.8
ShareGPT4V-13B [6] 3362 576 | 44.6 23.1 20.2 19.3 26.1| 28.4 26.6 | 26.0 20.8 27.3 24.6| 24.6 24.7

448% x4 256 x 4(37.3 11.7 5.9 16.1 143|182 17.1 |30.4 2.2 4.4 200|160 143
3362 x4 576 |42.0 31.322.334.2248|31.1 309 |354 246259233261 273

10242 576 |49.6 25.523.427.033.4|33.1 31.8 | 452 23.816.7 27.3| 28.0 28.3
448% x 9 96 x 9 | 66.8 27.7 52.8 38.7 34.2| 47.4 44.0 | 44.0 31.8 37.0 31.0| 345 36.0
Monkey [28] 448% x 4 256 x 4 | 54.6 25.0 32.528.0 29.7| 36.3 34.0 | 27.2 20.8 27.3 33.0/ 28.8 27.1
FALCON 384% x 16 64 x 16 | 66.4 49.6 47.2 40.4 36.5| 50.3 48.0 | 55.4 39.2 44.4 34.5| 40.7 43.4

LLaVA-Next-Qwen72B [31] 3362 x4 576 x 4

TextMonkey [33]
Mini-Gemini-7B-HD¥ [26]
DeepSeek-VLT [36]
MiniCPM-V 2.5 [56]

Visual Tokens
<1024

” §
E o LLaVA-Next-llama3 [31] 3362 x4 576 x 4
£ I [mPLUG-DocOwl 1.5 [15] 448% x 9 256 x 9
Tg (/\\]| CogVLM2-llama3-Chat [14] 134 12 2304 70.0 47.5
§ [XC2.5 [63] 3(5()‘7.)x 24 400 x 24| 69.3 63.9 52.5 5 41.0
LLaVA-OneVision [20] 384 x 9 729 x 9 |78.7 53.560.7 45.8/59.6 55.8 | 61.8 40.0 41.2 442
. GPT-40-mini - - 39.8
-03 § Gemini-1.5-pro [50] - - 67.6
g & |apTao - - |77 61.4 44.8
Claude 3.5 Sonnet - - 72.5 67.4 40.8] 52.9 61.9 61.2 44.1 49.2

sual compression rate of 9 times. In addition, FALCON also
outperforms most models that have twice as many visual
tokens. Specifically, FALCON outperforms CogVLM2-
llama3-Chat [14] in average scores on both perception and
reasoning task, which uses 2304 tokens per-image. It also
surpasses IXC2.5 [63] in average scores on the reasoning
tasks, which has a maximun token counts of 9600. No-
tably, FALCON achieves higher average scores in both per-
ception and reasoning tasks compared to three advanced
commercial models, GPT-40, GPT-40-mini and Gemini-
1.5-pro [50], with it notably outperforming all commercial
models in the sub-tasks of remote sensing and monitoring.
These results demonstrate that the ReCompact and ReAt-
ten technique proposed by FALCON effectively eliminate
visual redundancy and ensure visual continuity, allowing
comprehensive and detailed visual information to be con-
veyed with a highly compact visual representation.

To further assess FALCON’s capabilities in high-
resolution understanding, we conduct evaluations on more
high-resolution benchmarks: V* [53], DocVQA [42],
TextVQA [49] and ChartQA [41]. V* focuses on evaluating

models’ capabilities for fine-grained attribute recognition
and spatial reasoning. DocVQA challenges models to com-
prehend text-dense document images. ChartQA evaluates
models’ proficiency in interpreting various types of chart,
while TextVQA assesses the ability to recognize small text
in real-world scenes. As shown in Tab. 2, FALCON demon-
strates superior performance across all these benchmarks.
To evaluate the performance of FALCON across a
broader range of domains, we further conduct experiments
with diverse popular benchmarks. As shown in Tab. 4,
POPE [25], ScienceQA [37], MMBench [34] and SEED-
Bench [19] are selected to assess models’ capabilities in
hallucination, scientific reasoning, and comprehensive abil-
ity. FALCON achieves SOTA performance across all these
benchmarks. The results demonstrate that FALCON ex-
hibits superior capabilities across a wide range of tasks.

4.2. Ablation Study

We perform extensive ablation studies to validate the effec-
tiveness of the proposed ReCompact and ReAtten.
Ablation on Training Data. To eliminate the influ-
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Table 2. Evaluations on diverse high-resolution Benchmarks.
“Vi,,” tepresents the weighted average score for the two sub-
tasks in the V™ benchmark. 1 denotes OCR inputs are utilized.

Model Vi g DocVQA TextVQA ChartQA
Low-resolution MLLMs
Qwen-VL [1] - 65.1 63.8 59.0
InstructBLIP [9] 34.0 4.5 50.7 10.9
LLaVA-v1.5-7B [30] 48.7 8.5 58.2% 17.8
mPLUG-OwI2 [60] - 17.9 58.2¢ 22.8
High-resolution MLLMs
UReader [58] - 65.4 57.6 59.3
Monkey [28] - 66.5 65.8 59.0
LlaVA-FlexAttn [23] 54.4 - 48.9 -
S2-Wrapper-7B [48] 55.5 - 61.0 -
LlaVA-Next-Vicuna7B [31] 61.8 - 64.9 54.3
SIME-7B [67] - - 64.4 339
FALCON 64.4 74.4 66.5 68.8

Table 3. Ablation results on training data. We train FALCON
with two-stage pipeline and exactly the same dataset as LLaVA-
v1.5 [30]. The results confirm the superiority of the proposed
method when the influence of training data is excluded.

Model SQA POPE MMB GQA TextVQA MM-Vet SEED-Img
LlaVA-v1.5-7B [30] 66.8 859 643 620 582 31.1 65.8
Ours 68.9 875 66.0 625 613 314 67.8

90 Pixel Shuffle 86.5 g5 2 85.9 83

Abstractor 81.1 :

80 Pooling 80.8
(]
o B ReCompact 76.3 74.3
g
S70

61.3
60| 58.660-2 59-7-
V*-Avg MME-RealWorld POPE
Benchmarks

Figure 4. Comparison of different compression methods. We re-
port the sum of the “Avg-C” scores for the perception and reason-
ing tasks in MME-RealWorld. The superior performance demon-
strates that ReCompact effectively eliminates redundancy and pro-
duces a more expressive and compact visual representation.

ence of training data and demonstrate the advantages of
the proposed method, we utilize exactly the same dataset
as LLaVA-v1.5 [30] and employ a two-stage pipeline for
training. As shown in Tab. 3, the proposed method exhibits
significant performance advantages across multiple bench-
marks when trained on the same dataset.

Effectiveness of ReCompact mechanism. To verify
the advantages of the proposed ReCompact mechanism in
reducing visual redundancy and compressing visual repre-
sentations during the visual encoding, we compare the Re-
Compact with other commonly used compression methods.
This includes pooling [48, 55], Pixel Shuffle [7] and Ab-
stractor [60], where the Abstractor serves as a representative
module that combines query tokens with cross-attention.

As shown in Fig. 4, ReCompact demonstrates supe-
rior performance compared to other compression methods.

Table 4. Evaluation on benchmarks across diverse domains. The
POPE, SQA, MMBench and SEED-Bench are used to assess hal-
lucination, scientific reasoning, and overall abilities, respectively.

Model SQA POPE MMB SEED-Img
Low-Resolution MLLMs
Qwen-VL [1] 67.1 - 41.6 62.3
InstructBLIP [9] 63.1 789 38.4 58.8
LlaVA-v1.5-7B [30] 66.8 859 62.8 65.8
mPLUG-OwI2 [60] 68.7 85.8 63.5 64.5
High-Resolution MLLMs
Monkey [28] 694 837 57.4 64.3
LlaVA-FlexAttn [23] - 85.9 65.7 -
S2-Wrapper-7B [48] - - 66.2 67.9
LLaVA-Next-Vicuna7B [31] 70.1 86.5 66.5 69.6
SIME-7B [67] 76.8 854 63.1 67.0
FALCON 88.8 88.0 76.1 73.3

Table 5. Comparison of different methods for maintaining visual
continuity. The “Baseline” model refers to a condition where no
specific methods are applied to preserve visual continuity. We re-
port the “Avg-C” score for MME-RealWorld. The results show
that the ReAtten module more effectively addresses the issue of
visual fragmentation compared to other methods, thereby improv-
ing overall performance and reducing hallucinations.

MME-RealWorld

Method | Vi, POPE
| Perception  Reasoning
Baseline 51.3 38.2 35.6 85.7
CIP [16] 50.3 384 372 86.3
W-Atten [33] 60.2 41.0 38.1 86.4
ReAtten ‘ 61.3 42.1 39.0 87.3

These results indicate that ReCompact effectively elimi-
nates visual redundancy and produces a more expressive
compact visual representation. In contrast, we argue that
the pooling layer and Pixel Shuffle merely reduces the num-
ber of tokens by merging adjacent ones, failing to eliminate
redundancy that interferes with the LLM’s understanding of
visual content. Additionally, although Abstractor uses more
parameters, its performance is generally lower than that of
pooling and ReCompact. This result suggests that even mil-
lions of samples may be insufficient for fully training Ab-
stractor, which diminishes their practical efficacy.

Effectiveness of ReAtten Module. To validate the
advantage of the proposed ReAtten Module, we com-
pare ReAtten with other contemporary methods, including
the Shifted Window Attention (W-Attn) [35] adopted by
TextMonkey [33] and the Complementary Image Pyramid
(CIP) introduced by MiniMonkey [16].

As shown in Tab. 5, the model incorporating ReAtten
achieves significant improvements over the baseline across
all benchmarks and demonstrates superiority compared to
other methods. These results indicate that the ReAtten mod-
ule effectively enhances the ability of the model in high-
resolution perception and mitigates hallucinations by ad-
dressing the issue of visual fragmentation. In contrast, we
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Figure 5. Visualization of the register-to-image attention map. We randomly select visual registers and extract the attention scores that
each register assigns to image tokens. These scores are then visualized as heatmaps overlaid on the input image. The results in (b) shows
that each visual register focuses on specific parts of the image, capturing rich visual patterns. Meanwhile, registers pay minimal attention
to background areas, effectively avoiding the inclusion of redundancy. We also conduct qualitative ablation studies of the ReAtten module.
As shown in (c), in the ViT model without ReAtten, the attention patterns across different sub-images appear extremely fragmented. In
contrast, the ViT model with ReAtten shows continuous attention patterns, indicating effective information interaction between sub-images.
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Figure 6. Ablation on different visual register counts. Increasing
the number of visual registers generally enhances accuracy across
both benchmarks. However, the improvement rate noticeably ta-
pers off when the register count exceeds 64. Based on this obser-
vation, to better balance the efficiency and performance, we select
register counts of 64 for FALCON.

argue that the information exchange in W-Atten is limited
to a local window, which hinders sufficient information ex-
change among all sub-images. Meanwhile, CIP introduces
further redundancy by repeatedly encoding the same visual
content, which can even lead to a decline in performance.
Ablation on the Number of Visual Registers. To inves-
tigate how visual register count affects model performance,
we conduct experiments with visual register counts set to
36, 64, and 144. These counts correspond to visual token
compression rates of 16x, 9x, and 4x, respectively. As
shown in Fig. 6, increasing the number of visual registers
generally enhances model’s high-resolution comprehension
capabilities and reduces hallucinations. However, when the
register count exceeds 64, the improvement gains start ta-
pering off noticeably. Meanwhile, increasing visual reg-
isters demands more computational resources. Compared
to the baseline model with 36 registers, models configured
with 64 and 144 registers require 1.15 and 2.41 times more
training time, respectively. Base on these observations,
to achieve a better balance between efficiency and perfor-
mance, we select 64 as the register counts for FALCON.

4.3. Qualitative Analysis

To qualitatively analyze the proposed visual register tech-
nique, we visualize the register-to-image attention maps
within ViT. Specifically, for a given visual register, we ex-
tract the attention scores it assigns to image tokens in each
sub-image and concatenate them to construct a complete
heatmap. As shown in Fig. 5(b), each visual register fo-
cuses on relatively distinct areas of the image, highlighting
that it captures a diverse range of visual details. Moreover,
the visual registers tend to avoid background areas, indicat-
ing their effectiveness in identifying and discarding visual
redundancy. These properties enable visual registers to ef-
fectively produce a comprehensive and non-redundant vi-
sual representation. Additionally, to qualitatively evaluate
the effectiveness of the ReAtten module, we visualize the
attention maps within ViT models with and without ReAt-
ten. As shown in Fig. 5(c), in the ViT model without ReAt-
ten, the attention patterns across different sub-images ap-
pear highly fragmented. In contrast, the ViT model with
ReAtten exhibits continuous attention patterns, indicating
effective information exchange between sub-images.

5. Conclusion

To address visual redundancy and fragmentation in high-
resolution MLLMs, we propose FALCON. FALCON em-
ploys an innovative visual register technique that simultane-
ously addresses both challenges. This technique uses a Re-
Compact mechanism to adaptively aggregate essential vi-
sual information through visual registers, creating a com-
pact, non-redundant representation. Additionally, a ReAt-
ten module is introduced to further enhances visual conti-
nuity by enabling information exchange among sub-images
via visual registers. Extensive experiments demonstrate
FALCON’s superiority in high-resolution understanding.
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