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Abstract

Large-scale generative models, such as text-to-image diffu-
sion models, have garnered widespread attention across di-
verse domains due to their creative and high-fidelity image
generation. Nonetheless, existing large-scale diffusion mod-
els are confined to generating images of up to 1K resolu-
tion, which is far from meeting the demands of contemporary
commercial applications. Directly sampling higher-resolution
images often yields results marred by artifacts such as ob-
ject repetition and distorted shapes. Addressing the afore-
mentioned issues typically necessitates training or fine-tuning
models on higher-resolution datasets. However, this poses
a formidable challenge due to the difficulty in collecting
large-scale high-resolution images and substantial computa-
tional resources. While several preceding works have pro-
posed alternatives to bypass the cumbersome training pro-
cess, they often fail to produce convincing results. In this
work, we probe the generative ability of diffusion models at
higher resolution beyond their original capability and pro-
pose a novel progressive approach that fully utilizes gener-
ated low-resolution images to guide the generation of higher-
resolution images. Additionally, we integrate an image sharp-
ening operation into our pipeline, further enhancing image
quality. Our method obviates the need for additional training
or fine-tuning which significantly lowers the burden of com-
putational costs. Extensive experiments and results validate
the efficiency and efficacy of our method.

Code — https://github.com/yhyun225/DiffuseHigh
Extended version — https://arxiv.org/abs/2406.18459

Introduction

With the establishment of diffusion models, there have been
rapid advancements across various domains, including au-
dio synthesis (Chen et al. 2020; Lam et al. 2021; Liu et al.
2023), image synthesis (Ho, Jain, and Abbeel 2020; Dhari-
wal and Nichol 2021), video generation (Ho et al. 2022;
Wang et al. 2023; Blattmann et al. 2023), and 3D genera-
tion (Poole et al. 2022; Wang et al. 2024; Shi et al. 2023;
Tang et al. 2023). Notably, text-to-image diffusion mod-
els (Rombach et al. 2022a; Saharia et al. 2022b; Ramesh
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et al. 2022) have attracted considerable attention due to
their ability to generate visually captivating images using
intuitive, human-friendly natural language descriptions. Sta-
ble Diffusion (SD) and Stable Diffusion XL (SDXL), the
open-source text-to-image diffusion models trained on a
large-scale online dataset (Schuhmann et al. 2022), have
emerged as prominent tools for a diverse range of genera-
tive tasks. These tasks include but are not limited to image
editing (Avrahami, Lischinski, and Fried 2022; Hertz et al.
2022; Tumanyan et al. 2023), inpainting (Rombach et al.
2022a; Saharia et al. 2022a; Lugmayr et al. 2022), super-
resolution (Rombach et al. 2022a; Saharia et al. 2022¢; Gao
etal. 2023), and image-to-image translation (Brooks, Holyn-
ski, and Efros 2023; Zhang, Rao, and Agrawala 2023).

Despite the promising performance exhibited by SD and
SDXL, they encounter limitations when generating images
at higher-resolutions beyond their training resolution. The
direct inference of unseen high-resolution samples often re-
veals repetitive patterns and irregular structures, particularly
noticeable in object-centric samples, as discussed in prior
works (He et al. 2023; Du et al. 2024). While a straightfor-
ward approach might involve training or fine-tuning diffu-
sion models on higher-resolution images, several challenges
impede this approach. First, collecting text-image pairs of
higher-resolution is not readily feasible. Second, training on
large-resolution images demands substantial computational
resources due to the increased size of the intermediate fea-
tures. Furthermore, capturing and learning the features from
high-dimensional data often requires a greater model capac-
ity (more model parameters), leading to further computa-
tional strain on the training process.

Several tuning-free (Bar-Tal et al. 2023; Lee et al. 2024;
He et al. 2023; Du et al. 2024) methods proposed various ap-
proaches to adapt pre-trained diffusion models to higher res-
olutions beyond their original settings. MultiDiffusion (Bar-
Tal et al. 2023) and SyncDiffusion (Lee et al. 2024) em-
ploy joint diffusion processes with overlapping windows,
each corresponding to different region within the generat-
ing image. These models can produce images of arbitrary
shape, but the resulting image involves object repetition is-
sues since the non-overlapping patches do not correlate to
each other, lacking perception of global context during the
denoising process. ScaleCrafter (He et al. 2023), on the other
hand, extends the receptive field of the diffusion model by
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Figure 1: Qualitative examples of the proposed DiffuseHigh pipeline. DiffuseHigh enables the pre-trained text-to-image
diffusion models (SDXL in this figure) to generate higher-resolution images than the originally trained resolution, e.g., 4,

16, without any training or fine-tuning.

dilating the pre-trained convolution weights of the denois-
ing UNet (Ronneberger, Fischer, and Brox 2015). While it
effectively addresses repetition issues in certain instances,
its success heavily depends on the extensive search of the
hyperparameters.

In this work, we investigate the text-to-image diffusion
model’s capability of generating previously unseen high-
resolution images and introduce a novel approach that does
not involve any training (or fine-tuning) and additional mod-
ules. Moreover, our proposed method does not modify the
pre-trained weights or the architecture of the denoising net-
work, which eliminates the labor of searching for the opti-
mal hyperparameters involved in the pipeline, and is more
robust to certain hyperparameters. We posit that text-to-
image diffusion models trained on internet-scale datasets in-
nately possess the potential to generate images at resolutions
higher than their training resolution thanks to its convolu-
tional architecture (Rombach et al. 2022a) and broad data
distribution coverage.

We introduce a novel progressive high-resolution image
generation pipeline, dubbed DiffuseHigh, where relatively
low-resolution (training-resolution of the pre-trained diffu-
sion models) images serve as structural guidance for gener-
ating higher-resolution images. Inspired by the recent litera-
ture (Meng et al. 2021; Podell et al. 2023; Guo et al. 2024),
our proposed pipeline involves a noising-denoising loop to
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synthesize higher-resolution images. First, we generate the
low-resolution image using the base diffusion model and up-
sample it with arbitrary interpolation, e.g., bilinear interpo-
lation. Then, we add sufficient noise to obfuscate the fine de-
tails of the interpolated images. Finally, we perform the re-
verse diffusion process to denoise those images to infuse the
high-frequency details to synthesize higher-resolution im-
ages and repeat this process until we obtain the desired reso-
lution images. This approach leverages the overall structure
from the low-resolution image, effectively addressing repe-
tition issues observed in the prior methods.

However, the ‘adding noise to damage the images’ ap-
proach poses several challenges. If we add too much noise,
then we lose most of the structure in the low-resolution im-
ages, resulting in repetitive outcomes similar to those we
generate from scratch. On the other hand, if we introduce
a minimal amount of noise, the generated higher-resolution
images do not show notable differences from the interpo-
lated images, losing the opportunity to synthesize high-
frequency details. In addition, finding adequate noise relies
on both the content of the image and the pre-trained models,
which makes it challenging to offer precise suggestions to
users.

To resolve the issues above, we propose a principled way
of preserving the overall structure from the low-resolution
image for the suggested progressive pipeline. We employ a



frequency-domain representation to extract the global struc-
ture as well as detailed contents from the low-resolution
images. More specifically, we adopt the Discrete Wavelet
Transform (DWT) to obtain essential contents, e.g., the ap-
proximation coefficient, which we then incorporate into the
denoising procedure to ensure that the resulting image re-
mains consistent and does not deviate excessively. Fig. 2
provides an overview of the overall pipeline of our method.

The contributions of our work are summarized as follows:

* We suggest a novel training-free progressive high-
resolution image synthesis pipeline called DiffuseHigh,
in which a lower-resolution image acts as a guide for gen-
erating higher-resolution images.

¢ Our proposed method involves Discrete Wavelet Trans-
form (DWT)-based structure guidance during the denois-
ing process, which enhances both the structural proper-
ties and fine details of the generated samples.

* We conduct comprehensive experiments and ablation
studies on high-resolution image synthesis, demonstrat-
ing the superiority and versatility of our method.

Related Works

Text-to-Image Generation Recently, diffusion models
(DMs) have gained popularity for their ability to produce
high-quality images (Peebles and Xie 2023), showcasing
great potential in text-to-image generation (Nichol et al.
2021; Ho et al. 2022; Ramesh et al. 2022). Especially the pi-
oneering work, Stable Diffusion (Rombach et al. 2022a) and
Stable Diffusion XL (Podell et al. 2023) have garnered broad
attention due to their astonishing image quality and com-
putational efficiency. Moreover, thanks to their large-scale
training, they have been applied to various text-to-image
tasks (Li et al. 2024; Nichol et al. 2021) by fine-tuning (Ruiz
et al. 2023) or using training-free (Ramesh et al. 2021) meth-
ods.

High-resolution Image Synthesis Despite advancements
in diffusion-based image synthesis methods, achieving high-
resolution image generation remains elusive. Direct infer-
ence of SD and SDXL produces samples with repetitive
patterns and irregular structures (He et al. 2023). Previ-
ous studies have tackled these challenges through training
from scratch or fine-tuning (Xie et al. 2023; Zheng et al.
2023; Guo et al. 2024). However, these methods often ne-
cessitate substantial computational resources and consider-
able amount of high-resolution text-paired training dataset.
Consequently, there is a growing trend towards training-free
methods for generating high-resolution images.
ScaleCrafter (He et al. 2023) employs dilated convolu-
tion to modify the receptive field of convolutions in denois-
ing UNet, enabling high-resolution image generation with-
out the need for training. FouriScale (Huang et al. 2024) fur-
ther introduces low pass filtering on each input feature map
to remove aliasing effect, caused by spatial down-sampling
of features, thus constructing consistency in frequency spec-
trum across different scales of the feature maps. HiDiffu-
sion (Zhang et al. 2023) identifies that the object repetition
problem primarily originates from the deep blocks in the
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denoising UNet and proposes alternative UNet which dy-
namically adjust the feature map size during the denoising
process. Additionally, they successively reduce the compu-
tational burden by modifying the self-attention blocks of the
UNet. However, we argue that modifying the weights or the
architecture of the pre-trained diffusion model has risk of de-
grading the model performance, often resulting in undesir-
able deformations in images (See Fig.4). DemoFusion (Du
et al. 2024) leverages skip residual connections and dilated
sampling to generate higher-resolution images in a progres-
sive manner. Despite their efforts, it suffers from the irreg-
ular patterns and repetition of small objects in localized ar-
eas of the result images, and also from the slow generation
speed. AccDiffusion (Lin et al. 2024) addresses these issues
with patch-wise prompt and improved dilated sampling, but
still suffers from extremely slow inference speed.

Concurrently, ResMaster (Shi et al. 2024) also proposed
an algorithm that leverages the low-frequency information
of the latent of the guidance image, in order to provide de-
sirable global semantics during the denoising process. Dif-
ferent from theirs, we explicitly obtain structural guidance
from the reconstructed image by utilizing DWT.

Method

Our work aims to generate higher-resolution images over
training size given textual prompts with a text-to-image dif-
fusion models in a training-free manner. In this work, we
mainly utilize SDXL (Podell et al. 2023) as our base model.
We provide preliminaries related to our work in the appendix
of the extended version (Kim et al. 2024).

Problem Formulation

Given a text description y and SDXL D () trained on fixed-
size images ¥l € RMX%X3 our objective is to generate
higher resolution images z! € R7>W >3 without training

or modifying ¢, where h < H,w < W.

Progressive High-Resolution Image Generation

We first present the progressive high-resolution image gen-
eration strategy of DiffuseHigh, equipped with a pretrained
SDXL model. Initially, given text prompt y, our method
starts with a clean image x{’ € R"*w*3 either generated by
the SDXL or provided by the user. Assuming alignment be-
tween the generated image and the provided text, we employ
arbitrary interpolation, e.g., bilinear interpolation, to upscale
the image:

il = INTERP (2f) € RH*W>3 (1)

Note that the details of Z4 lack clarity due to the nature of
the interpolation, which entails averaging neighboring pixel
values to compose newly introduced pixels.

In order to infuse the appropriate details into Z&, we first
add noise corresponding to the diffusion timestep 7 < 7' to
its latent code ZT = £(z{1):

sH
Zr

e~ N(0,021), 2

where o2 is the variance of the Gaussian noise at timestep
7. We selected the noising diffusion timestep 7 where the

SH
=2zy TE¢,
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Figure 2: Progressive High-Resolution DiffuseHigh Pipeline. Overall pipeline of our proposed DiffuseHigh. For simplicity,
we did not depict transformation between latent space and pixel space.

noisy image reconstructed from the latent decoder D(-),
#H = D(2H), preserves the global structures. Then the de-
noising network D (-) performs the iterative reverse process
on the noisy latent representation 2 to recover the clean la-
tent zg . Finally, we obtain the desired high-resolution im-
age zil € RIXWx3 by employing the latent decoder, i.e.,
ztl = D(z{!). We repeat this process iteratively until we
obtain the desired higher-resolution image.

The noising-denoising technique adopted in our work
gradually projects the sample onto the manifold of natural,
highly detailed images that the diffusion model has learned.
As shown in Make-a-Cheap-Scaling (Guo et al. 2024), this
process enables the injection of high-frequency details into
the interpolated high-resolution image. Nonetheless, we ob-
served numerous instances where solely applying this sim-
ple approach degraded the image quality, typically suffer-
ing from repeated small objects or deformed local details in
the image. This lead us to develop a more principled way to
uphold the overall structure and maintain the quality of the
generated higher-resolution images.

Structural Guidance through DWT

To remedy the aforementioned issues, we hereby introduce
a structural guidance by incorporating a Discrete Wavelet
Transform (DWT). This method aims to enhance the fidelity
of generated images by encouraging the preservation of cru-
cial features from the low-resolution input.

Let ¢ be the two-dimensional scaling function, and ¥,
Y, P the two-dimensional wavelets, each corresponding
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to the horizontal (H), vertical (V), and diagonal directions
(D), respectively. Then, the single level 2D-DWT decompo-
sition of the image = can be written as follows:

DWT(z) := {Wy(x)} U{Wyi(2) }icgmv,py, )

where W, () the approximation coefficient, and Wi (x)
the detail coefficients along the direction ¢ € {H,V, D}.

Considering that W, (z) contains the global features of
the image =, given an interpolated image € R#xWx3
obtained from Eq. (1), we extract its low-frequency com-
ponent W, (z{) utilizing the DWT, which encapsulates the
overall structure and coarse details of the image. Then, dur-
ing the progressive denoising process, we replace the low-
frequency component of the estimated clean image 25, , =
D(z_,), with the extracted low-frequency component at
timestep ‘t’ as follows:

Ty = iDWT({Ww(Q(gI)}U{Ww"(iglet)}ie{H,V,D}) 4

where 28, = D,(2';04) and iDWT denotes inverse
DWT. Then, the updated estimated clean image #2% , is en-
coded back into the latent space to sample the next noisy
latent.

Previous studies (Ho, Jain, and Abbeel 2020; Rombach
et al. 2022a) present that the reverse process over each
timestep performs denoising on different levels of the im-
age, from semantic to perceptual, or low-frequency to high
frequency details. Since the global structures and low fre-
quency details are fixed and barely changed at the latter part
of the denoising process, we found it beneficial to apply our
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structural guidance only at the early stages of our denoising
process. Furthermore, this strategy significantly lowers the
computational burden of our pipeline since our pipeline ac-
quires low-frequency guidance from the reconstructed im-
age, which requires frequent transition between the latent
space and the pixel space. Empirically, we found that apply-
ing structural guidance steps § = 5 out of 7 15 steps
yields the best results.

Boosting the Image Quality with Sharpening

Our proposed structural guidance effectively transfers the
correct global context from a low-resolution image to a high-
resolution image, maintaining the global coherence of the
image. However, the generated image often appears blurry
with smooth textures. We hypothesize that this blurriness
arises from the interpolation used in our pipeline for the
following reasons: (1) It is apparent that the diffusion mod-
els trained on large-scale datasets have the prior of blurry
samples. Adding noise to the interpolated image, which lies
near the blurry data distribution mode, is more likely to re-
sult in a blurry image after the denoising process (Fig. 3
(a)). (2) Interpolating a low-resolution image involves aver-
aging neighboring pixel values, thus creating smooth transi-
tions between pixels. These low intensity changes in object
boundaries and edges are easily incorporated into the low-
frequency information and subsequently transferred to the
target image through our DWT-based structural guidance.
To address the blurriness issue, we apply the sharpening

operation to the interpolated image 72 :

zf = (a+ 1)z —aS@) )

where S is an arbitrary smoothing operation and « is the
sharpness factor that controls the magnitude of the sharp-
ness. This behavior slightly moves the sample point closer
to the sharp data distribution mode, resulting in a sharp
and clear sample after the denoising process (Fig. 3 (b)),
and also causes meaningful intensity changes at edges and
boundaries of the interpolated image. Surprisingly, we found
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that simply sharpening the image significantly alleviates the
aforementioned issues. We further provide extensive analy-
sis on this phenomenon in the appendix. The overall pipeline
of DiffuseHigh is illustrated in Fig. 2.

Experiments

In this section, we report the qualitative and quantitative re-
sults of our proposed DiffuseHigh. We also provide exten-
sive ablation studies to validate the efficacy of our method
thoroughly.

Implementation Details

We mainly conducted our experiments with SDXL (Podell
et al. 2023), which is capable of generating 1K resolu-
tion images. We validate our method by generating images
at different resolutions, 2048 x 2048, 2048 x 4096, and
4096 x 4096. We used 50 EDM scheduler (Karras et al.
2022) steps to generate images. We fixed our hyperparam-
eters to 7 = 15 and § = 5. We utilized Gaussian blur and
sharpness factor o = 1.0 for our sharpening operation. Hy-
perparameters are set equally in every experiment.

Baselines

We compare our method against two groups of baselines;
training-free methods and super-resolution (SR) methods.
For training-free methods, we selected (1) ScaleCrafter (He
et al. 2023), (2) FouriScale (Huang et al. 2024), (3) HiD-
iffusion (Zhang et al. 2023), (4) DemoFusion (Du et al.
2024), and (5) AccDiffusion (Lin et al. 2024). Each of these
baselines are capable of generating higher-resolution images
over the trained resolution with SDXL in a training-free
manner. For SR methods, we compare our method to two
popular SR models, namely (1) SDXL+SD-Upscaler (Rom-
bach et al. 2022b) and (2) SDXL+BSRGAN (Zhang et al.
2021), since it is intuitive to first generate an image and then
apply super-resolution models to obtain higher-resolution
images. In the main text, we mainly compare our method
against training-free methods. We leave comparison to
super-resolution methods in the appendix.

Evaluation

We utilized the LAION-5B (Schuhmann et al. 2022) dataset
as a benchmark for the image generation experiments. Fol-
lowing previous works (Du et al. 2024), we randomly
sampled 1K captions and generated images correspond-
ing to each caption. We selected Frechet Inception Dis-
tance (FID,.) (Heusel et al. 2017), Kernel Inception Distance
(KID,.) (Binkowski et al. 2018), and CLIP Score (Radford
et al. 2021) as our evaluation metrics. Note that FID, and
KID, require resizing the images to a resolution of 2992,
which is undesirable for assessing the high-frequency de-
tails of the image. To further provide the concrete evalua-
tion, we also adopted patch FID (FID,,) (Chai et al. 2022)
and patch KID (KID,,) as our evaluation metrics. In detail,
we randomly cropped 1K patches from each generated im-
age and measured the performance with randomly sampled
10K images from the LAION-5B dataset.
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| 2048 x 2048 | 2048 x 4096 | 4096 x 4096
Methods  |FID,.() KID,.({) FID,, (1) KID,, () CLIP (1)[Time|FID,- () KID,.(1) FID,, (1) KID,, (1) CLIP (T)[Time| FID,. KID, (1) FID,, ({) KID,, (1) CLIP (1)[Time

Direct Inference| 94.11  0.021 6672 0020  29.96 | 27 | 139.44 0052 79.67 0.026 27.82 | 79 [173.70 0.067 9242 0032 25.12 |261
ScaleCrafter | 79.95 0.015 5932 0016  29.56 | 31 | 13243 0.044 11494 0055 2542 |145[112.81 0031 108.63 0047  27.07 |465
FouriScale | 67.05 0010 5113 0013  30.85 |55 | 117.52 0036 11493 0055 2649 |154[97.40 0023 10462 0041 2837 |460
HiDiffusion | 75.59 0011 5477 0013  29.17 | 16 | 10279 0026 81.68 0027 26.68 | 43 [127.55 0.044 15398 0.081 2444 | 87
AccDiffusion | 57.64  0.008 3871 0013 3138 | 78 | 5861 0025 68.84 0.014 28.02 |271|64.12 0012 5756 0022 3090 |638
DemoFusion | 57.16  0.007 3554 0010 3195 | 63 | 63.56 0010 49.08 0017 29.13 |216|62.82 0.010 4897 0017 3159 |487

DiffuseHigh [ 56.90 0.008 34.14 0.009 3126 [32] 53.83 0.007 3373 0.009 3050 |58 [56.09 0.007 3893 0.010 3132 [147

Table 1: Quantitative results of higher-resolution image generation experiments. Hereinafter, we represent the best results
with bold and second best with underline. We measured the inference time (sec) of each method by averaging the time gener-
ating 10 images in a single NVIDIA H100 gpu. We ran the official code of each baseline and obtained the results.
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Figure 5: Ablating each component of DiffuseHigh.
‘DWT’ denotes the DWT-based structural guidance and
‘Sharp’ denotes the sharpening operation. Each sample has
4K resolution, generated from the same 1K image.

Qualitative Comparison We compare our method to
baselines qualitatively in Fig. 4. In terms of training-free
methods, while ScaleCrafter, FouriScale, and HiDiffusion
partially alleviate the object repetition problem, they of-
ten fail to capture correct global semantics, particularly at
higher resolution. We argue that since these methods alter
the pre-trained weights or the architecture of the UNet, they
might have the risk of ruining the powerful generation abil-
ity of the diffusion model at higher resolution. DemoFusion
preserves the overall structure of the image well. However,
their approach frequently introduces small repeated objects
in the local area of the result image, and also require con-
siderable inference time, due to their MultiDiffusion (Bar-
Tal et al. 2023)-style generation scheme. Leveraging struc-
tural properties of the low-resolution images, DiffuseHigh
exhibits correct global structures, while also showcasing fa-
vorable textures and high-frequency details.

Quantitative Comparison We report the quantitative
evaluation results in Tab. 1. As observed, our method sur-
passed nearly every training-free baseline method in every
resolution experiment, in terms of FID,., KID,., FID,,, and
KID,. These results demonstrate that our proposed Diffuse-
High not only synthesizes visually approving results but also
favorable textures and patterns corresponding to the higher-
resolution images. One notable observation is that our met-
ric scores does not differ a lot along the different resolu-
tions compared to others, which proves the efficacy of our
proposed method to transfer correct structures. Also, our
method showcased superior performance on CLIP score,
which highlights the ability of our pipeline to generate se-
mantically correct images given text prompts. DemoFusion
showed a better CLIP score compared to ours in the 2K
and 4K experiments, but the difference is negligible. More-
over, our method achieved superb inference time thanks to
our partial denoising process, which starts denoising process
from the intermediate diffusion timestep.
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Ablation Studies

Structural Guidance and Sharpening We validate the
role of each component involved in our pipeline. As illus-
trated in Fig. 5, our structural guidance enables the gener-
ated image to preserve essential structures. By forcing the
denoising process to maintain the low-frequency details of
the sample, which is obtained from well-structured low-
resolution images, samples with our DWT-based structural
guidance present desirable structures and shapes. However,
samples without structural guidance tend to have deformed
shapes (mouth of the hedgehog in Fig. 5 (a)) or artifacts
(dots around the face in Fig. 5 (b)). Also, we observed that
the sharpening operation involved in our pipeline further en-
hances the quality of the image, particularly on blurred ob-
ject boundaries or smoothed textures of the image (Fig. 5 (c)
and (d)). We also leave quantitative results in the appendix.

§ | FID,(}) KID,(}) FID,(}) KID,(}) CLIP(t) Time

3| 5635 0007 3867  0.010 3131 223 sec
5| 5609 0007 3893  0.010 3132 258 sec
7| 5618 0007 3895  0.010 3133 293sec
10| 5649 0007 3931 0011 3132 346 sec
15| 5654 0007 3950 0011 3126 435 sec

Table 2: Evaluation with varying 6. We generated 10K im-
ages with randomly sampled captions from the LAION-5B
dataset. We generated 4K images starting from the same 1K
images generated by SDXL to ensure the fair comparison.
The inference time is measured with NVIDIA A100 gpu.

DWT-based Structural Guidance Steps We conduct the
experiment with varying ¢ to assess the validity of our pro-
posed structural guidance. As shown in Tab. 2, FID, de-
creases as d approaches 5, and then increases as § gets large.
This observation suggests that our proposed structural guid-
ance effectively facilitates the preservation of the desired
structures, while an excessive guidance steps inhibit the gen-
eration of rich high-frequency details. Additionally, in terms
of FID,, 6 = 3 yielded the highest score and 6 = 5 the
second highest score, but the difference is negligible. Nev-
ertheless, we observed that small § often fail to guide the
correct global semantics. Therefore, we selected § = 5 as
the optimal hyperparameter throughout this paper.

Conclusion

We present a training-free progressive high-resolution im-
age synthesis pipeline using a pre-trained diffusion model.
Our proposal involves leveraging generated low-resolution
images as a guiding mechanism to effectively preserve the
overall structure and intricate details of the contents. We also
propose a novel principled way of incorporating structure in-
formation into the denoising process through frequency do-
main representation, which allows us to retain the essential
information presented in low-resolution images. The exten-
sive experiments with the pre-trained SDXL have shown that
the proposed DiffuseHigh generates higher-resolution im-
ages without commonly reported issues in the existing ap-
proaches, such as repetitive patterns and irregular structures.
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