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Abstract

Diffusion models excel at producing high-quality images; how-
ever, scaling to higher resolutions, such as 4K, often results in
structural distortions, and repetitive patterns. To this end, we
introduce ResMaster, a novel, training-free method that em-
powers resolution-limited diffusion models to generate high-
quality images beyond resolution restrictions. Specifically,
ResMaster leverages a low-resolution reference image cre-
ated by a pre-trained diffusion model to provide structural and
fine-grained guidance for crafting high-resolution images on
a patch-by-patch basis. To ensure a coherent structure, Res-
Master meticulously aligns the low-frequency components of
high-resolution patches with the low-resolution reference at
each denoising step. For fine-grained guidance, tailored image
prompts based on the low-resolution reference and enriched
textual prompts produced by a vision-language model are in-
corporated. This approach could significantly mitigate local
pattern distortions and improve detail refinement. Extensive
experiments validate that ResMaster sets a new benchmark for
high-resolution image generation.

1 Introduction

Recently, diffusion models (Chefer et al. 2023; Epstein et al.
2023; Rombach et al. 2022; Chen, Laina, and Vedaldi 2024,
Peebles and Xie 2023; Brooks, Holynski, and Efros 2023;
Niu et al. 2025; Shi et al. 2024) have significantly advanced
the fields of image generation, drawing considerable atten-
tion from the research community. Although representative
models such as Stable Diffusion XL (Podell et al. 2023)
(SDXL), DALL-E 3 (OpenAlI 2023) and Midjourney (Mid-
journey 2023) can generate high-quality images, they perform
well only within resolutions of 1024 x 1024. This limitation
hinders their applications that require generated images with
higher resolutions.

Several methods (Bar-Tal et al. 2023; He et al. 2023; Du
et al. 2024; Zhang et al. 2023; Huang et al. 2024a) achieve
higher-resolution image generation by adapting pre-trained
diffusion models (e.g.SDXL) without additional re-training.
The pioneering work, Multi-Diffusion (Bar-Tal et al. 2023),
generates higher-resolution images by stitching generated
overlapping patches. However, this approach cannot guaran-
tee global consistency, since there is no explicit structural
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Figure 1: Comparisons of 4096 x 4096 image generation
based on SDXL (Podell et al. 2023). Our ResMaster can
generate more faithful texture details and structured contents
(e.g., head) compared to state-of-the-art methods.

guidance during generation. Moreover, it often results in
repetitive patterns that correspond to the provided prompt
due to patch-wise generation. To alleviate the above issues,
some methods (He et al. 2023; Zhang et al. 2023; Huang
et al. 2024a) adopt whole image generation instead of the
patch-wise counterpart. Specifically, they either employ di-
lated convolutions or reduce the image feature resolution
at specific network locations to allow the receptive field of
the pre-trained model to accommodate the higher-resolution
image generation process. However, applying dilated con-
volutions hampers the generative capabilities inherited from
pre-trained diffusion models. Meanwhile, downsampling and
upsampling image features result in information loss. These
operations lead to obvious structural distortions and repeti-
tive patterns, as demonstrated in Figure 1. On the other hand,
DemoFusion (Du et al. 2024) introduces dilated sampling to
improve global consistency. Nonetheless, due to the lack of
fine-grained guidance, repetitive patterns continue to plague
this approach, as shown in Figure 1. In summary, existing
methods struggle to achieve structure consistency and reason-
able local detail generation.



Figure 2: Selected multiple aspect-ratio images generated by ResMaster versus SDXL (Podell et al. 2023). SDXL can
synthesize high-quality 1024 x 1024 images. ResMaster can further generate 4096 x 4096 resolution results or more without
retraining the text-to-image diffusion model, maintaining high quality. Best viewed ZOOMED-IN.

To this end, we propose ResMaster, a novel higher-
resolution image generation method that employs Structural
and Fine-Grained Guidance to ensure structural integrity and
local detail generation. Specifically, ResMaster implements
low-frequency component swapping using the low-resolution
image generated at each sampling step to maintain struc-
tural coherence in higher-resolution outputs. Additionally,
to mitigate repetitive patterns and enhance the generation of
fine details, we employ localized fine-grained guidance using
tailored image prompts and enriched textual prompts. The
image prompts, derived from the generated low-resolution
counterparts, contain critical semantic and structural informa-
tion. Simultaneously, the enriched textual prompts produced
by a pre-trained vision-language model (VLM) contribute to
image generation on more complex and faithful patterns.

With these techniques, ResMaster can generate high-
resolution images with better-structured compositions, as
well as more faithful and richer local patterns compared to
the state-of-the-art methods (see Figure 1). Moreover, it can
generate high-quality and higher-resolution images at dif-
ferent aspect ratios, as demonstrated in Figure 2. Extensive
qualitative and quantitative experiments have demonstrated
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that ResMaster achieves the state-of-the-art performance in
higher-resolution image generation.

2 Related Work

Text-to-Image Diffusion Models. Text-to-image diffusion
models (Dhariwal and Nichol 2021; Feng et al. 2024; Ho
et al. 2022; Ho, Jain, and Abbeel 2020; Song, Meng, and
Ermon 2020a; Nichol and Dhariwal 2021; Ramesh et al.
2022; stability.ai 2022) represent a cutting-edge advance-
ment in generative technology, leveraging the power of diffu-
sion probabilistic models (Ho, Jain, and Abbeel 2020; Song,
Meng, and Ermon 2020b) to synthesize high-quality images
from textual descriptions. These models operate by gradual
denoising a noisy input through iterative refinement steps.
Furthermore, Latent Diffusion Models (LDMs) (Rombach
et al. 2022) perform a similar process within a compact la-
tent space, improving both the efficiency and scalability of
the model, maintaining high fidelity in the generated images.
This approach has been further refined in SDXL (Podell
et al. 2023) and other models (Zheng et al. 2024b; Teng et al.
2023; Huang et al. 2024b; Lu et al. 2024; Zhu et al. 2024),
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Figure 3: The overall framework of ResMaster. ResMaster is a patch-based denoising diffusion model that includes structural
and fine-grained guidance. Fine-grained guidance utilizes an Image Extractor and a Large Vision-Language Model to extract
region-aware image prompts and re-caption text prompts, respectively. These conditions are then used together via Cross
Attention to guide the denoising process of the current patch. Furthermore, structural guidance ensures the structure of the
generated image through low-frequency swapping with latent 2D-FFT.

which are applied in creative fields. However, despite these
advancements, challenges remain, particularly in achieving
higher resolution outputs (e.g., 4K) without compromising
the generative quality.

High-Resolution Image Synthesis. Previous studies can
be categorized into training-based methods (Zheng et al.
2024a; Teng et al. 2023; Chen et al. 2023a; Guo et al. 2024;
Yang et al. 2024) and training-free methods (Bar-Tal et al.
2023; Jin et al. 2024; He et al. 2023; Lee et al. 2023; Haji-Ali,
Balakrishnan, and Ordonez 2023; Lin et al. 2024a,b; Zhang
et al. 2023). The training-based methods are trained on spe-
cific sets of images within the range of target resolution and
aspect ratio. For example, Any-size-Diffusion (Zheng et al.
2024a) leverages a selected set of images with a restricted
range of ratios to optimize the diffusion model. PixArt-
Y (Chen et al. 2024) uses a weak-to-strong training strategy to
train their model on the higher-quality training data. However,
these methods are still limited by the resolution of their train-
ing images and cannot generate high-quality images beyond
a specific range. In contrast, training-free strategies aim to
utilize pre-trained diffusion models without additional train-
ing phases. For instance, MultiDiffusion (Bar-Tal et al. 2023)
addresses high-resolution synthesis by altering fusing multi-
ple denoising paths. However, it suffers from local repetitions
and distortion of object structures. To alleviate the aforemen-
tioned issues, some methods (He et al. 2023; Huang et al.
2024a) employ dilated convolutions to increase the receptive
field of the convolution kernel. These methods can alleviate
some of the issues with structural distortions and repetitive
patterns. However, when applied to higher-resolution image
generation tasks, issues such as structural distortion and a de-
cline in the quality of local detail generation begin to emerge.
DemoFusion (Du et al. 2024) improves the accuracy of target
structures and reduces the appearance of repeated objects
through skip residual and dilated sampling. It shows further
improvement in generating high-quality images, but it is still
affected by repetitive objects and chaotic local details. In this
paper, we propose a method with Structural and Fine-Grained
Guidance, which ensures structural accuracy while enhancing
the details of high-resolution images.
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3 Methodology

3.1 Preliminaries

Latent Diffusion Model. Our methods are built on the
forefront text-to-image diffusion model, SDXL (Podell et al.
2023), which belongs to the series of LDMs. Given an image
x € REXWX3 the encoder £ in LDM first encodes it into
latent representation z = &(x), where z € R"/sx"/sxC,
Then, forward diffusion and denoising are conducted in the
latent space. In the forward process, the noise is gradually
added to the latent z within 7 steps, represented as

q(z¢|ze-1) =N (Zt; V31— Btztflvﬂt-[) )

where (3, is the variance schedule, and ¢t € {1,...,T}. On
the other hand, in the backward process, a Unet ¢ is used to
predict the noise iteratively, eventually yielding results under
the guidance of the text prompt y. The object of this stage
can be formulated as:

ey

L = Ega)y,e~n(0,1),t | 1€ = Ge(Ztythe(y))H%} , 2

where 7y is the text encoder of CLIP (Radford et al. 2021).

Patch-based Diffusion Model. Multi-Diffusion (Bar-Tal
et al. 2023) initially generates higher-resolution images
through a denoising process that utilizes overlapping patches.
This approach is widely adopted in subsequent works (Lee
et al. 2023; Du et al. 2024) due to its flexibility and con-
venience. Specifically, given a latent representation z; €
RY/ExXY/EXC it is first partitioned into patches z,,; €
RMXwXC with a specified window size [h,w] and stride

[dn,dy], resulting in a total of N = (W + 1) X

((W{f;w) + 1) patches. Each patch is individually denoised,
with overlapping areas averaged at each step.

3.2 Model Framework

Our ResMaster generates high-resolution images guided by
their low-resolution counterparts. As shown in Figure 3, we
first use SDXL to create a low-resolution image I” based
on the prompt p. This image is then upsampled to the target
resolution using bicubic interpolation, resulting in BZ, which
is divided into N equal-sized overlapping patches. We then
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Figure 4: The overall pipeline of Structural Guidance. We use 2D Fast Fourier Transform (2D-FFT) to convert the image
patch latent to frequency domain and apply a Gaussian low-pass filter to extract low-frequency information for exchange. This
low-frequency information is then fused with the generated high-frequency information and converted back to spatial domain.

apply structural guidance and fine-grained guidance. a) Struc-
tural Guidance: To improve structural coherence, we use the
VAE encoder to transform the i-th low-resolution patch of B
into z7, serving as a guidance map. The i-th high-resolution

noise patch at time ¢, dubbed zZ +» 1s mapped to a preliminary

estimate Zi,0| ;- We align the low-frequency components of

Z?OI , with z” for structural guidance. b) Fine-grained Guid-
ance: Each low-resolution patch of B” is processed by Image
Condition Extractor and Large Vision Language Model to
yield fine-grained image and textual representations. These
representations are injected into the generative network via

cross-attention to guide the noise prediction more accurately.

3.3 Structural Guidance

Due to the distribution disparity between the training data
and target high-resolution images, previous patch-based dif-
fusion models often exhibit structural distortions and repeti-
tive patterns, impairing visual quality. To enhance structural
rationality, we use generated low-resolution images for struc-
tural guidance. A common approach, as noted in (Dhariwal
and Nichol 2021), updates zf, to align with z" via gradi-
ent decay. However, this method increases time and memory
consumption and introduces blurriness from the upsampled
low-resolution image into the generated result. To mitigate
these issues, we propose low-frequency (i.e., structure (Choi
et al. 2021)) swapping, as illustrated in Figure 4, which is
efficient and resource-friendly. We are the first to innovatively
introduce this approach to high-resolution image generation
to address structural distortion issues, and we apply this con-
cept to image latents (Ren et al. 2024; Si et al. 2024). We
perform this operation on each patch, and for simplicity, we
omit the subscript ¢ when describing the low-frequency swap-
ping process. Specifically, at time step ¢, we predict zéfl .

from z and replace its low-frequency components with low-
. . . . . ’ .
resolution guidance image z”, resulting in zé{ ;- This ensures
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proper structural guidance, formulated as follows:

Flow = rrT_2D(2") © G(Dy), S
]:zh;gh = FFT_2D(z4),) © (1 - G(Do)) , )
zil, = TFFT_2D(FL3" + F1id™) | ®)

2ot

where FFT_2D is the 2D Fast Fourier Transform, and

IFFT_2D is its inverse. G represents the Gaussian low-pass

filter, and Dy is the normalized cutoff frequency. The term

z{, is calculated by:

H . ( H
~ (zy —

Zo|t

VI—Gies (217)) VA, (6

where €y is the denoising Unet, oy is the prescribed variance
schedule and & = Hle ;. Then, the final result z/7 | is
derived as:

H H _H H
q (thl | z, 7Z0|t) :N(Zt 15 Fg (Zt 7Z0|t> BtI)
(N
To further enhance the model’s generative capability, we
introduce a scaled cosine decay coefficient c; that reduces
the value of Dy as the denoising timestep t progresses. This

process can be formulated as Df, = D *c;, where ¢; = ((1+
cos (% x ))/2). This ensures that the structure is well-

formed in the early stages, while reducing structural guidance
in the later stages, allowing the model to focus more on
generating local details. However, structural guidance alone
may not suffice to generate locally faithful and rich details
because of the low-resolution guidance image, necessitating
fine-grained guidance.

3.4 Fine-Grained Guidance

Tailored image prompts. To further enhance local struc-
ture consistency and mitigate repeated patterns resulting from
the identical text prompt across different patches (Bar-Tal
etal. 2023; Du et al. 2024), we use Image Condition Extractor
which consists of a CLIP image encoder and a linear projec-
tion network to customize multiple image prompts, inspired
by previous successful methodologies (Ye et al. 2023). These



methods have been proven to generate images consistent with
specific attributes based on the information from the input
images. First, a CLIP image encoder extracts the class token
from the low-resolution image, mapping it to representative
image features. After that, we use a small linear projection
network to project the image embedding into a sequence
of features. Decoupled cross-attention mechanisms are then
employed to integrate these image and text features into the
pre-trained text-to-image diffusion model, formulated as:
T T

QKT) V1 + A Softmax (QKI ) Vi,
3

X' = Softmax ( 7 7

where Q = XWq, KT = CTWk, VT = CTWD, KI =
W), and V1 = ¢ W/, represent the query, key, and values
of text and image features respectively, and \ is the weighting
factor.

This design, with patch-wise image prompts, significantly
alleviates the issue of repetitive patterns, resulting in im-
proved local structures. However, due to the lack of details
in low-resolution images, the extracted image prompts only
provide structural guidance and cannot fully activate the net-
work’s generative capabilities. Thus, more informative text
prompts are needed. Existing methods using global text face
two issues. First, the patch-based method does not align well
with global text. Second, global text often lacks detailed
local descriptions. Therefore, incorporating more detailed de-
scriptions is essential, as evidenced by existing text-to-image
methods (Chen et al. 2024; Betker et al. 2023).

Enriched textual prompts. To obtain more detailed de-
scriptions for image patches, we introduce a pre-trained large
Vision-Language Model (VLM), Share-Captioner (Chen et al.
2023b), to re-caption low-resolution image patches. This
model has proven effective in better aligning textual and
visual information and reducing hallucinations (Chen et al.
2024). Our experiments indicate that providing the full im-
age’s description as context to the VLM does not yield addi-
tional benefits and may lead to hallucinations. Therefore, the
instruction we give to the VLM is “Describe the following
image patch in detail.” Following this instruction, the VLM
generates a detailed prompt for each patch. These enriched
prompts enable our method to produce richer local details,
resulting in higher visual quality.

4 Experiments

In this section, we report the qualitative and quantitative
results and ablation studies. We validate the performance of
ResMaster based on the SDXL (Podell et al. 2023).

4.1 Implementation Details

This subsection introduces some hyperparameter settings of
our ResMaster. In the structural guidance module, we set
the initial normalized cutoff frequency Dy to 1.0 to main-
tain control over object structures during the early stages of
generation. Within the fine-grained guidance module, we uti-
lize IP-Adapter (Ye et al. 2023) to inject image prompts into
SDXL (Podell et al. 2023) as the condition. IP-Adapter (Ye
et al. 2023) is capable of generating images corresponding to
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the content of the image prompts. Herein, we set the weight
of the image prompt A to 0.8. Our framework is built on the
patch-based diffusion model. We follow (Du et al. 2024) to
partition the entire noise into patches with a specified size
[1024, 1024] and stride [64,64].

4.2 Comparison

We compare our method with the following representative
generative approaches: (i) SDXL (Podell et al. 2023) Di-
rect Inference, which uses pre-trained SDXL to directly in-
fer the target resolution images. (ii) SDXL+BSRGAN. We
use the classic super-resolution method BSRGAN (Zhang
et al. 2021) to conduct image super-resolution. This is a
traditional approach to increase image resolution which is
proven to lack the local details in (Lin et al. 2024b; Du et al.
2024). (iii) SCALECRAFTER (He et al. 2023), a method
that generates high-resolution images directly using dilated
convolutions or large convolutional kernels. (iv) DemoFu-
sion (Du et al. 2024), a high-resolution image generation
method based on MultiDiffusion (Bar-Tal et al. 2023), us-
ing dilated sampling to ensure global structural consistency.
(v) FouriScale (Huang et al. 2024a), a method employing
dilated convolutions coupled with a low-pass operation and
a padding-then-crop strategy. (vi) HiDiffusion (Zhang et al.
2023), an efficient high-resolution image generation method
utilizing a Resolution-Aware operation to align the feature
map size with the deep block of U-Net.

4.3 Qualitative Results

Figure 5 shows a visual comparison of different models, each
producing 4096 x 4096 resolution results. We select complex
real-world scenes and examples prone to local pattern repeti-
tion and structural distortion to demonstrate the superiority
of our method. Firstly, in the case of the first complex scene,
the image generated by SDXL has a lower resolution and
lacks fine-grained generation guidance for local content. As
a result, the faces of people and the complex background
structures are not clear and complete. BSRGAN performs
super-resolution based on SDXL, partially eliminating the
blurriness in upscaled results of SDXL. However, it is evident
that BSRGAN merely sharpens the low-resolution results,
making it unsuitable for high-resolution image generation
tasks. High-resolution image generation requires more lo-
cal details and, in some scenarios, the ability to correct and
complete the inherent issues in low-resolution images. From
the faces and objects in the results, it can be seen that Scale-
Crafter, HiDiffusion, Fouriscale, and DemoFusion all intro-
duce varying degrees of structural distortion and local pattern
repetition. This is mainly due to the fact that ScaleCrafter
and Fouriscale both use dilated convolutions, which weaken
their ability to maintain structure and handle high-frequency
details in high-resolution image generation. The use of up-
sampling and downsampling operations at certain positions
in HiDiffusion may cause information loss in image features,
impacting the final denoising output. DemoFusion lacks fine-
grained guidance for local content generation, leading to
repetitive patterns and chaotic structures in the objects. In
contrast, ResMaster effectively restores facial features and im-
proves the structure of complex objects, making them clearer,
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Figure 5: Qualitative comparisons with other methods. All results are presented at a resolution of 4096 x 4096. Some areas

have been zoomed in.
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Figure 6: The Ablation study of three components used
in ResMaster: Structural Guidance (SG), Tailored Image
Prompts (TIP) and Enriched Textual Prompts (ETP). All
results are presented at a resolution of 4096 x 4096.

more complete, and aesthetically pleasing. Similarly, the re-
sults in the bicycle case confirm our observations. BSRGAN
still fails to provide more details. ScaleCrafter, HiDiffusion,
and Fouriscale have weak structure preservation and chaotic
details. DemoFusion produces repeated bicycles, alters the
seat structure, and exhibits pattern confusion between differ-
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ent objects (flowers in the rear basket). In conclusion, our
proposed ResMaster can improve more faithful details while
ensuring structural accuracy, owing to our proposed struc-
tural and fine-grained guidance. This capability is particularly
crucial in high-resolution image generation, avoiding the oc-
currence of repetitive patterns and structural distortions.

4.4 Quantitative Results

For the fair evaluation of model performance, we conduct
quantitative experiments on the dataset of Laion-5B (Schuh-
mann et al. 2022) with a large amount of image-caption pairs.
We randomly sample 1K captions as the text prompts for the
high-resolution image generation. Additionally, we randomly
sample 10K images from Laion-5B as a real image set. We
adopt 3 metrics following prior works (He et al. 2023; Du
et al. 2024): Frechet Inception Distance(FID) (Heusel et al.
2017), Inception Score(IS) (Salimans et al. 2016) and CLIP
Score (Radford et al. 2021) to evaluate both image qual-
ity and semantic similarity between image features and text
prompts. Among them, FID,. and IS, require resizing the test



Resolution ~ Method | FID, | IS,1 FID.] IS.t CLIPT Time
SDXL Direct Inference (Podell et al. 2023) | 90.33  13.13 6347 21.74 29.18 1min

SDXL + BSRGAN (Zhang et al. 2021) 67.00 17.10 4279 2236 31.64 Imin

2048 x 2048 SCALECRAFTER (He et al. 2023) 7895 1623 58.86 21.71 30.23 Imin
FouriScale (Huang et al. 2024a) 7249 1726 49.82 23.75 29.53 1min

HiDiffusion (Zhang et al. 2023) 73.24  16.06 53.02 2436 28.99 Imin

DemoFusion (Du et al. 2024) 69.81 17.95 4542 2453 31.45 2min

ResMaster (Ours) 68.16 18.01 40.22 24.62 31.79 1min

SDXL Direct Inference (Podell et al. 2023) | 173.42  7.50 89.46 1642 24.54 Smin

SDXL + BSRGAN (Zhang et al. 2021) 67.08 17.14 50.89 1530 30.61 1min

4096 x 4096 SCALECRAFTER (He et al. 2023) 107.46 11.06 107.88 10.94 29.77 9min
FouriScale (Huang et al. 2024a) 9330 13.58 87.99 12.10 26.29 8min

HiDiffusion (Zhang et al. 2023) 103.79 1236 91.64 1149 28.06 2min

DemoFusion (Du et al. 2024) 7603 1785 5675 1648  30.83 11min

ResMaster (Ours) 6543 18.44 55.09 16.51 30.95 6min

Table 1: Quantitative comparison results. The best results are marked in bold, and the second best results are marked by

underline.

images to 2992, which may influence the evaluation results
for high-resolution images. For more reasonable evaluation,
we follow (Zheng et al. 2024a) to crop and resize some lo-
cal patches at 1K resolution to compute FID, and IS.. We
report quantitative results at two different resolutions. The
inference time is performed on a single NVIDIA Tesla 40G-
A100 GPU. As shown in Table 1, ResMaster has achieved
state-of-the-art performance across multiple metrics. Due
to our fine-grained guidance strategy, ResMaster achieves
better detail accuracy and semantic alignment, as reflected
in the improved CLIP score. In comparisons of FID metrics
at various resolutions, ResMaster consistently ranks in the
top two. SDXL+BSRGAN, which strictly adheres to low-
resolution inputs, has been shown to suffer from blurriness
in high-resolution image generation and lacks the ability to
produce rich details (Du et al. 2024). Meanwhile, ResMas-
ter ensures higher generation quality while achieving faster
inference speeds compared to other representative methods.
Generating a 4K image is 5 minutes faster than DemoFusion.

4.5 Ablation Study

Quanlitative Results of Ablation Study. ResMaster pri-
marily consists of two components: structural guidance and
localized fine-grained guidance. The localized fine-grained
guidance includes Tailored Image Prompts and Enriched Tex-
tual Prompts. To visually present the contribution of each
module, we progressively display the effects brought by the
introduction of each module, as shown in Figure 6. The im-
ages we present are generated at a resolution of 4096 x 4096.
ResMaster is built on patch-based multi-diffusion. Therefore,
when all modules are removed, the model degrades to Multi-
Diffusion (Bar-Tal et al. 2023). We present the results of
the base model, Multi-Diffusion. Without the intervention
of guidance strategies, Multi-Diffusion exhibits structural
distortions and repeated patterns. With the introduction of
the proposed guidance strategies, structural distortions and
repeated patterns disappear. Specifically, when we introduce
the structural guidance strategy, the issue of structural dis-
tortions is resolved. However, due to the low resolution of
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the guidance images, local pattern details exhibit misalign-
ment. We further introduce Tailored Image Prompts which
can significantly alleviate the issue, making the structures and
details clearer. Nonetheless, Tailored Image Prompts do not
introduce additional information to supplement local details.
Further incorporating Enriched Textual Prompts enhances the
richness of details in high-resolution images. In conclusion,
when combined, they leverage their respective strengths and
functionalities, resulting in impressive generative outcomes.

Quantitative Results of Ablation Study. The quantitative
results of the ablation study are shown in Table 2. All the re-
sults are performed in the resolution of 4096 x 4096. Table 2
shows that compared to the baseline model Multi-Diffusion,
the use of Structural Guidance(SG) significantly improves
quantitative results. Furthermore, incorporating Tailored Im-
age Prompts (TIP) and Enriched Textual Prompts (ETP) fur-
ther enhances the model’s performance. This demonstrates
the effectiveness of each module we proposed.

Method | FID, | 1IS,1 FID.| IS.t CLIP?
Base (Multi-Diffusion) 92.80 9.33 68.8 13.63 27.19
Base+SG 79.43 1459 64.24 15.79 28.39
Base+SG+TIP 66.36 18.14 56.86 16.33  30.28
Base+SG+TIP+ETP (ResMaster) | 65.43 1844 55.09  16.51 30.95

Table 2: Quantitative comparison results of the ablation
study. The best results are marked in bold. Base refers to
the model that does not include the method proposed in this
paper, namely Multi-Diffusion.

5 Conclusion

In this paper, we introduce ResMaster, a training-free, patch-
based diffusion model for high-resolution image generation.
ResMaster employs structural and fine-grained guidance
strategies, ensuring the overall structural integrity of high-
resolution images while also achieving reasonable and rich
local details. ResMaster can generate images of any scale
and aspect ratio. Extensive experiments have demonstrated
the superior capabilities of ResMaster.
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