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Fig. 1. We propose HiWave, a novel training-free approach for high-resolution image generation using pretrained diffusion models. While standard Stable
Diffusion XL (SDXL) can produce globally coherent images, it lacks fine details when upscaled to 4096x4096 resolution (left column). Existing training-free
methods (e.g., Pixelsmith [Tragakis et al. 2024]) enhance details in SDXL outputs but often introduce duplicated objects and visual artifacts (middle column). In
contrast, HiWave leverages a patch-wise DDIM inversion strategy combined with a wavelet-based detail enhancer module to produce high-quality images with
rich details and minimal duplication artifacts. The second and third rows show 10x and 5X magnified views of the red and green boxed regions, respectively.

Diffusion models have emerged as the leading approach for image synthesis,
demonstrating exceptional photorealism and diversity. However, training dif-
fusion models at high resolutions remains computationally prohibitive, and
existing zero-shot generation techniques for synthesizing images beyond
training resolutions often produce artifacts, including object duplication
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and spatial incoherence. In this paper, we introduce HiWave, a training-free,
zero-shot approach that substantially enhances visual fidelity and structural
coherence in ultra-high-resolution image synthesis using pretrained diffu-
sion models. Our method employs a two-stage pipeline: generating a base
image from the pretrained model followed by a patch-wise DDIM inversion
step and a novel wavelet-based detail enhancer module. Specifically, we
first utilize inversion methods to derive initial noise vectors that preserve
global coherence from the base image. Subsequently, during sampling, our
wavelet-domain detail enhancer retains low-frequency components from
the base image to ensure structural consistency, while selectively guiding
high-frequency components to enrich fine details and textures. Extensive
evaluations using Stable Diffusion XL demonstrate that HiWave effectively
mitigates common visual artifacts seen in prior methods, achieving superior
perceptual quality. A user study confirmed HiWave’s performance, where it
was preferred over the state-of-the-art alternative in more than 80% of com-
parisons, highlighting its effectiveness for high-quality, ultra-high-resolution
image synthesis without requiring retraining or architectural modifications.

SA Conference Papers 25, December 15-18, 2025, Hong Kong, Hong Kong.


HTTPS://ORCID.ORG/0009-0008-7579-0613
HTTPS://ORCID.ORG/0009-0003-4668-5703
HTTPS://ORCID.ORG/0000-0002-9222-4727
HTTPS://ORCID.ORG/0000-0003-1196-5425
https://orcid.org/0009-0008-7579-0613
https://orcid.org/0009-0003-4668-5703
https://orcid.org/0000-0002-9222-4727
https://orcid.org/0000-0003-1196-5425
https://doi.org/10.1145/3757377.3763979

2« Tobias Vontobel, Seyedmorteza Sadat, Farnood Salehi, and Romann Weber

CCS Concepts: « Computing methodologies — Computer vision.

Additional Key Words and Phrases: Image synthesis, diffusion models, high-
resolution generation, discrete wavelet transform

ACM Reference Format:

Tobias Vontobel, Seyedmorteza Sadat, Farnood Salehi, and Romann Weber.
2025. HiWave: Training-Free High-Resolution Image Generation via Wavelet-
Based Diffusion Sampling. In SIGGRAPH Asia 2025 Conference Papers (SA
Conference Papers °25), December 15-18, 2025, Hong Kong, Hong Kong. ACM,
New York, NY, USA, 11 pages. https://doi.org/10.1145/3757377.3763979

1 Introduction

Since the introduction of diffusion models, generative image synthe-
sis has reached unprecedented levels of photorealism and creative
control. Recent models such as Stable Diffusion [Esser et al. 2024;
Podell et al. 2023a] can generate stunning images at resolutions up
to 1024x1024 pixels. Despite these improvements in image quality,
producing outputs beyond 1024x1024 remains technically challeng-
ing due to the substantial computational demands associated with
training at higher resolutions.

Diffusion models typically rely on large-scale networks with high
parameter counts to achieve optimal image quality and prompt align-
ment [Esser et al. 2024]. As input resolution increases, the computa-
tional cost of training these models becomes prohibitive—especially
for attention-based architectures [Esser et al. 2024; Peebles and Xie
2023], where complexity scales quadratically with spatial dimen-
sions. Moreover, most datasets used to train large-scale diffusion
models lack high-resolution content beyond 1024x1024. As a result,
current state-of-the-art models are typically limited to moderate
resolutions, restricting their applicability in domains such as adver-
tising and film production, where ultra high-resolution outputs (e.g.,
4K) are required.

Motivated by these limitations, recent work has explored methods
to extend pretrained diffusion models to higher resolutions—i.e., be-
yond their native training sizes. These approaches fall into two main
categories: patch-based techniques that process image regions inde-
pendently, such as Pixelsmith [Tragakis et al. 2024] and DemoFusion
[Du et al. 2024], and direct inference methods that modify model
architectures, such as HiDiffusion [Zhang et al. 2023] and FouriScale
[Huang et al. 2024]. However, these methods face fundamental limi-
tations. Patch-based approaches often produce duplicated objects
(Figure 2a), while direct inference methods struggle to maintain
global coherence at very high resolutions (e.g., beyond 2048%2048,
see Figure 2b). This highlights the need for a training-free, high-
resolution generation approach that ensures both global coherence
and robustness to duplication and artifacts.

In this paper, we propose HiWave, a novel pipeline for training-
free high-resolution image generation that produces globally coher-
ent outputs without object duplication. HiWave adopts a two-stage,
patch-based approach that preserves the coherent structure of a
base image generated by a pretrained model, while enhancing the
fine details required for higher resolutions. In the first stage, a base
image is generated at a standard resolution (e.g., 1024X1024) using a
pretrained diffusion model. This image is then upscaled in the image
domain to the target high resolution, though the upscaled result
lacks fine-grained details. To enrich the image with high-frequency
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details, we introduce a novel sampling module based on patch-wise
DDIM inversion. Specifically, each image patch is inverted using
DDIM to recover the corresponding latent noise that would gen-
erate the given input. Sampling is then performed starting from
this inverted noise. However, to prevent the model from simply
reproducing the original image, we incorporate a detail enhancer
into the sampling process. This component is based on DWT, and it
preserves the low-frequency content of the base image to maintain
global structure while guiding the high-frequency components to
synthesize realistic additional details suitable for the target resolu-
tion.

Our approach enables standard diffusion models trained at a res-
olution of 1024x1024 to generate images at 4096x4096 resolution—
a 16X increase in total pixel count. HiWave leverages the high-
frequency priors inherently captured by pretrained diffusion mod-
els, as observed by Du et al. [2024], to generate coherent images
with fine details. Compared to existing methods, HiWave excels
at maintaining structural coherence while significantly reducing
hallucinations and duplicated artifacts, addressing a key limitation
in current zero-shot high-resolution generation pipelines. We vali-
date the effectiveness of HiWave using Stable Diffusion XL [Podell
et al. 2023b] and compare it against Pixelsmith [Tragakis et al. 2024],
the current state-of-the-art in training-free high-resolution image
generation. In a user study, HiWave was preferred over Pixelsmith
in more than 80% of cases, highlighting its superior visual fidelity.

In summary, our main contributions are the following:

e We introduce HiWave, a training-free, two-stage pipeline
for high-resolution image synthesis that extends pretrained
diffusion models to ultra high-resolutions, without requiring
architectural modifications or additional training.

We propose a novel patch-wise DDIM inversion framework
coupled with a wavelet-based detail enhancer, which pre-
serves global structure from the base image while selectively
enriching its high-frequency details.

e We demonstrate that HiWave effectively mitigates common
artifacts such as duplicated objects and structural inconsis-
tencies that persist in prior methods.

We conduct extensive evaluations with Stable Diffusion XL
and show that HiWave outperforms current state-of-the-art
methods in qualitative comparisons and a preference study,
with users favoring HiWave outputs in over 80% of cases.

2 Related Work

Diffusion models have become a dominant framework for image
synthesis due to their strong generative capabilities [Denton et al.
2015; Ho et al. 2020; Song et al. 2020b]. They have rapidly surpassed
previous generative modeling techniques in terms of fidelity and
diversity [Dhariwal and Nichol 2021; Nichol and Dhariwal 2021],
achieving state-of-the-art performance across a wide range of ap-
plications, including unconditional image synthesis [Dhariwal and
Nichol 2021; Karras et al. 2022], text-to-image generation [Balaji
et al. 2022; Esser et al. 2024; Podell et al. 2023b; Ramesh et al. 2022;
Rombach et al. 2022; Saharia et al. 2022b; Yu et al. 2022], video syn-
thesis [Blattmann et al. 2023a,b; Gupta et al. 2023], image-to-image
translation [Liu et al. 2023; Saharia et al. 2022a], motion synthesis
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Fig. 2. Qualitative comparison of high-resolution image generation meth-
ods at 4096x4096 resolution. DemoFusion, a patch-based method, exhibits
object duplication artifacts (highlighted with red rectangles). HiDiffusion,
a direct inference method, lacks structural coherence and fine details. In
contrast, our method produces coherent generations with rich detail.

[Tevet et al. 2023; Tseng et al. 2023], and audio synthesis [Chen et al.
2021; Huang et al. 2023; Kong et al. 2021].

Despite this progress, diffusion models often incur high compu-
tational costs and long training times [Chen et al. 2023], especially
when handling high-resolution data. Latent diffusion models (LDMs)
[Rombach et al. 2022] alleviate some of this burden by compressing
inputs into a smaller latent space using a pretrained autoencoder.
However, LDMs typically scale only up to moderate resolutions (e.g.,
1024%1024). While some recent works have explored training LDMs
at higher resolutions [Chen et al. 2024; Xie et al. 2024], they con-
tinue to face challenges related to prolonged training times and the
limited availability of high-quality ultra-high-resolution datasets.
These constraints have spurred growing interest in training-free
methods that exploit pretrained models to generate images beyond
their native resolutions.

One popular direction decomposes high-resolution generation
into patches that are processed independently and later combined to
form the full image. Examples include DemoFusion [Du et al. 2024],
AccDiffusion [Lin et al. 2024], and Pixelsmith [Tragakis et al. 2024].
This patch-based strategy allows diffusion models to operate at their
native resolution for each patch, thereby preserving the detail and
expressiveness of the base model. However, these methods often
fail to maintain global coherence at resolutions beyond 2048x2048,
frequently producing boundary artifacts, duplicated content, and
semantic inconsistencies across patches.

Another line of work modifies the architecture or inference pro-
cess of pretrained diffusion models—without additional training—to
enable single-pass generation of high-resolution images. Notable
examples include FouriScale [Huang et al. 2024], MegaFusion [Wu
et al. 2025], and HiDiffusion [Zhang et al. 2023]. These methods
introduce attention scaling or downsampling blocks into the pre-
trained network to better align intermediate features with those
seen at the model’s native resolution. While such methods avoid
patch-based artifacts, their performance often degrades at ultra-
high resolutions (e.g., 4096x4096). As the gap between training and
inference resolutions widens, these approaches struggle to preserve
global coherence—leaving patch-based strategies as the current
state-of-the-art for zero-shot high-resolution image generation.

In summary, current training-free approaches either fail to main-
tain global coherence compared to the base diffusion model or suffer

from duplicated objects and artifacts at ultra-high resolutions (e.g.,
4096x4096). HiWave proposes a novel patch-based strategy aimed
at achieving coherent, high-quality image generation at such reso-
lutions while avoiding the limitations of existing methods.

3 Background

Diffusion models. Let X ~ pgata (X) represent a data sample, and let
t € [0, T| denote a continuous time variable. In the forward diffusion
process, noise is incrementally added as z; = x + o(t)€e, where
o(t) is a time-dependent noise scale. This noise schedule gradually
corrupts the data, with 0(0) = 0 (clean data) and o(T) = omax
(maximum corruption). As shown in Karras et al. [2022], this process
corresponds to the following differential equation:

dz = —6(1)a(1)Vy, log pe (z,)dt, (1)

where p;(z;) denotes the distribution over noisy samples at time ¢,
transitioning from pg = pgata to pr = N(0, 62, 1). Sampling from
the data distribution involves solving this ODE in reverse (from
t =T to t = 0), provided the score function Vy, log p;(z;) is known.
Since this score function is intractable, it is approximated by a neural
denoiser Dg(z;,t), trained to reconstruct the clean signal x from
its noisy observation z;. For conditional generation, the denoiser
is extended with a conditioning variable y—such as a label or text

prompt—resulting in Dg(z;, t,y).

Inversion methods. Inversion techniques, such as DDIM inversion
[Song et al. 2021] solve the forward-time version of the diffusion
ODE in Equation 1 to map an observed image x to its corresponding
noise vector zr. By integrating Equation 1 from¢t =0tot =T, one
obtains a deterministic mapping from the image back to the noise
space (in the limit of small steps). This enables applications like
image editing, as it provides a way to anchor sampling around a
given input while retaining its global layout.

Classifier-free guidance. Classifier-free guidance (CFG) [Ho and
Salimans 2022] is an inference-time technique that improves gener-
ation quality by blending predictions from conditional and uncon-
ditional models. During sampling, CFG adjusts the denoiser output
as:

Dcrg (21, t,y) = Do (21,t) + w(Dg (21,1, y) — Dg(z1, 1)), (2)
where w is a guidance strength parameter (with w = 1 representing
unguided sampling). The unconditional model Dg(z;, t) is typically
learned by randomly dropping conditioning inputs y during training.
Alternatively, separate unconditional models can be used [Karras
et al. 2023]. Analogous to the truncation trick in GANs [Brock et al.
2019], CFG improves visual fidelity, but may lead to oversaturation
[Sadat et al. 2025] or reduced diversity [Sadat et al. 2024].

Discrete wavelet transform. Discrete wavelet transforms (DWT)
[Brewster 1993] are a fundamental tool in signal processing, com-
monly used to analyze spatial-frequency content in data. The trans-
formation utilizes a pair of filters—a low-pass filter L and a high-pass
filter H. For 2D signals, these are combined to form four distinct filter
operations: LLT, LH, HLT, and HH. When applied to an image
x, the 2D wavelet transform decomposes it into one low-frequency
component x7, and three high-frequency components xg, Xy, Xp,
capturing horizontal, vertical, and diagonal details, respectively.
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Fig. 3. Overview of HiWave, our training-free high-resolution image generation pipeline. We first generate a base image using a pretrained model through
a standard sampling process that transforms random noise (z7) into a clean image (Z) conditioned on a text prompt. This image is then upscaled in the
image domain using Lanczos interpolation and encoded back into the latent space via the VAE encoder to enrich the base image with additional details. A
patch-wise DDIM inversion process is then performed, mapping the upscaled image back to its corresponding noise representation. Finally, our DWT-based
detail enhancement approach applies frequency-selective guidance during denoising, using wavelet decomposition to independently control low-frequency
structure and guide high-frequency components for finer details. Skip residuals are also incorporated during the early sampling steps to further preserve the
global coherence of the base image. This pipeline enables HiWave to generate high-quality, high-resolution images without duplications.

Each of these sub-bands has spatial dimensions of H/2 X W /2 for
an image of size H X W. Multiscale decomposition can be achieved
by recursively applying the transform to the low-frequency com-
ponent x; . The transformation is fully invertible, enabling exact
reconstruction of the original image x from the set {xy, xp, Xy, xp }
using the inverse discrete wavelet transform iDWT).

4 Method

We now describe the details of HiWave, our framework for high-
resolution image generation using pretrained diffusion models. An
overview of the complete pipeline is shown in Figure 3, and we
detail each component below. We define D.(z;) = Dg(z,t,y),
Du(z;) = Dg(zs,1), and Depg(z:) = Derg(ze t, y) to represent
the conditional, unconditional, and CFG outputs, respectively.

4.1 Base image generation

We begin by generating a base image at the native resolution of
the pretrained diffusion model, typically 1024x1024. This image is
then upscaled in the image domain using Lanczos interpolation.
Unlike most previous works that perform upscaling in the latent
space [Du et al. 2024], we opt for image-domain upscaling to avoid
artifacts commonly introduced by latent-space interpolation. These
artifacts arise because standard VAEs used in diffusion pipelines
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(b) Upscaling in image space

(a) Upscaling in latent space

Fig. 4. Comparison of upscaling in image space vs latent space. Interpola-
tion performed directly in latent space introduces severe spatial artifacts, as
standard VAEs are not equivariant to scaling operations. In contrast, inter-
polating in the image space after decoding preserves structural consistency
and visual quality.

are not equivariant to scaling operations, leading to inconsistencies
when upscaling is applied in latent space [Kouzelis et al. 2025].
An example of such artifacts is illustrated in Figure 4. To avoid
this, we first upscale the base image to the target resolution (e.g.,
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4096Xx4096) in the image domain. At this point, we obtain an image
at the target resolution, albeit lacking fine-grained details. We then
encode this upscaled image into the latent space via the VAE encoder
and apply a patch-based sampling process (described next) to refine
high-resolution details while preserving the global structure of the
original image.

4.2 Patch-wise DDIM inversion

To preserve structural coherence during patch-wise generation, we
inijtialize the diffusion process using DDIM inversion [Song et al.
2020a] instead of random noise. This inversion retrieves noise vec-
tors for each image patch by integrating the diffusion ODE forward
in time:

2t41 ~ 2t — 6(1)a(t)Vy, log pr (z¢)At, (©)

This deterministic initialization provides two key benefits: (1) Con-
trolled noise for frequency decomposition: DDIM-inverted noise
retains meaningful structural information and spatial layout from
the original image, enabling our detail enhancement module to
selectively refine high-frequency textures while preserving the
low-frequency structural content. (2) Consistent patch initializa-
tion: Neighboring patches receive compatible noise vectors, which
helps maintain continuity and avoid visible seams across patch
boundaries. In contrast, initializing with random Gaussian noise
loses the structural context of the base image and often introduces
artifacts or structural inconsistencies. This controlled inversion lays
the groundwork for our DWT-based detail enhancer in the next step,
enabling detail enhancement while preserving global coherence.

4.3 Detail enhancement with DWT guidance

In the next step, we begin sampling from the inverted noise of
each patch, with the goal of progressively adding details to the
final image. A central challenge in patch-based high-resolution
generation is maintaining a balance between global coherence and
detailed texture synthesis. Existing methods often fall short in one
of these areas, resulting in either artifact-prone high-frequency
patterns or globally consistent images that lack detail.

To address this, we introduce a DWT-based detail enhancement
module that leverages the complementary roles of the low- and
high-frequency components of each latent. We argue that low-
frequency components typically capture structural coherence, while
high-frequency components convey fine details and textures. This
distinction is especially critical in patch-wise generation, where each
patch must integrate seamlessly into the global image for overall
coherence while still containing sufficient detail at high resolutions.

Since we used DDIM inversion to obtain the final noise, following
the sampling process using only the conditional prediction D.(z;)
would reproduce the base image, i.e., globally coherent but lack-
ing in fine detail. This motivates our decision to preserve the low-
frequency bands from D¢ (z; ), which retain much of the base image’s
global layout due to the DDIM inversion. To enrich each patch with
the required details for high-quality generation, we guide the high-
frequency components adaptively using a modified CFG strategy.

Specifically, we apply the DWT to both the conditional and un-
conditional predictions to get

ONT(De(24)) = {DE (20), DI (20), DY (20), DP (20)} . (4)
DNT(Du(z1)) = {Df(20). Dff (2). D} (20). DE )} .~ (5)

We then construct the guided prediction in the frequency domain
as follows:

Dgpg(zt) = D& (zy), (6)
DY () = DY (z¢) + wa(DH (2,) - Dl (), )
Do (ze) = Dy (21) + wa(DY (z¢) = Dy, (1)), ®)
DBy (2e) = DR (zt) + wa(DP (z:) - D (). ©)

Finally, we apply the inverse DWT to reconstruct the full guided
signal:

Derg (24) = iOWT({ Dy (20), Dl (20), Dl (20), De(20) ).
(10)
This frequency-aware guidance strategy enables precise enhance-
ment of details while preserving the global structure of the base
image.

4.4  Skip residuals

To further preserve global structure during early denoising, we
incorporate skip residuals by mixing the latents obtained from DDIM
inversion with those from the sampling process for each patch.
Let z; denote the current latent in the sampling process, z§ the
corresponding DDIM-inverted latent, 7 a time step threshold, and
c1 = ((1+ COS(%H’))/Z)“ a cosine-decay weighting factor. The
skip residual update is defined as

t =

(11)

R {clxz;+(l—cl)><z§ t>1,
Z

Zt r<r.

Unlike prior work that applies skip residuals throughout all diffusion
steps, we adopt a more conservative strategy: they are only used
during the initial denoising phase. This allows the model to leverage
the base image’s structure early on, and then progressively diverge
to synthesize novel details guided by the DWT-enhanced predic-
tions. In contrast, applying skip residuals at all time steps—as done in
previous work—can suppress detail synthesis, while omitting them
entirely causes duplication artifacts. Our DWT-based enhancer mit-
igates this trade-off by explicitly guiding different frequency bands,
enabling the generation of rich textures while preserving global
consistency.

4.5 Implementation Details

We use the sym4 wavelet for DWT due to its effective balance
between spatial and frequency localization. The detail guidance
strength is set to wy = 7.5, enhancing high-frequency features
while preserving the low-frequency structure from D¢ (z;).

Image generation is performed progressively—first at 1024x1024
(the model’s native resolution), then at 2048x2048, and finally at
4096x4096. While some prior works report increased duplication
artifacts with iterative upscaling [Tragakis et al. 2024], we did not
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observe this in our experiments, likely due to the combination of
patch-wise DDIM inversion and our DWT-based guidance.

While our evaluation focuses on square resolutions for standard-
ized comparison, HiWave naturally extends to arbitrary aspect ratios.
The framework first generates a rectangular base image at the de-
sired aspect ratio using the pretrained model, then applies the same
patch-wise DDIM inversion and DWT-based guidance to rectangu-
lar patches that conform to the target dimensions. This maintains the
same overlap strategy and frequency-domain enhancement across
all patches regardless of the final image aspect ratio (see Figure 5 in
Appendix for some examples).

Skip residuals are applied only during the first 15 timesteps (out of
50) for 2048x2048 resolution and the first 30 timesteps for 4096x4096.
This conservative strategy contrasts with methods that apply skip
residuals across the entire diffusion process. By limiting their use to
early steps, we preserve the global structure initially while allowing
the model to synthesize novel details in later time steps.

For patch processing, we use a 50% overlap between adjacent
patches to ensure smooth transitions. To optimize memory usage,
we employ a streaming approach in which patches are processed in
batches rather than all at once, enabling 4096X4096 image genera-
tion on consumer GPUs with 24GB of VRAM.

5 Results

We now evaluate HiWave both qualitatively and quantitatively
against state-of-the-art high-resolution image generation methods.
Our evaluation focuses on three main aspects: (1) avoiding the du-
plication artifacts commonly seen in previous patch-based methods,
(2) achieving global image coherence and high fidelity at 4096x4096
resolution, and (3) enhancing both quality and details over the orig-
inal Stable Diffusion XL outputs.

5.1 Experimental setup

We select Pixelsmith [Tragakis et al. 2024] as the leading patch-based
approach and HiDiffusion [Zhang et al. 2023] as the representative
of direct inference methods. All methods were used to generate
4096x4096 resolution images from the same prompts and identical
random seeds, using Stable Diffusion XL as the base model. To
ensure a fair comparison, we employed the official codebases of all
baselines. All experiments were conducted on a single RTX 4090
GPU with 24GB of VRAM.

To benchmark the methods, we used 1000 randomly sampled
prompts from the LAION/LAION2B-en-aesthetic [Schuhmann et al.
2022] dataset, covering a diverse range of content including natu-
ral landscapes, human portraits, animals, architectural scenes, and
close-up textures. This diversity allowed us to assess performance
across a broad set of generation challenges.

For quantitative evaluation, prior work has shown that existing
metrics are often unreliable at high resolutions, as they typically
downscale images to lower resolutions (e.g., 224x224) before com-
puting the score [Du et al. 2024; Tragakis et al. 2024; Zhang et al.
2023]. Consequently, we rely primarily on a human study, which
provides the most reliable assessment of perceptual quality in this
setting. Standard quantitative metrics are also reported in the Ap-
pendix for completeness.
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5.2 Qualitative comparison with prior methods

Figure 5 presents a comprehensive visual comparison of our method
against Pixelsmith and HiDiffusion across nine diverse test cases.
Each row corresponds to a different subject, with the left columns
displaying the full-resolution outputs and the right columns show-
ing magnified regions (highlighted by green boxes) to facilitate
detailed inspection of fine structures. HiDiffusion produces outputs
that lack coherent structure and exhibit blurred textures across all
nine examples. This demonstrates that, while direct inference meth-
ods avoid duplication and patch-based artifacts, they often struggle
to produce globally coherent outputs with fine-grained detail at
high resolutions. In contrast, Pixelsmith generates more detailed
images but frequently suffers from object duplication. For instance,
it produces duplicated humans in rows 1 through 4 and a phantom
figure in the grass background of row 5. By comparison, HiWave
consistently generates high-quality images free from artifacts and
duplication. This illustrates that HiWave effectively addresses a
key limitation of prior approaches, enabling coherent and detailed
high-resolution generation without duplication.

5.3 Detail enhancement over the base image

Figure 7 illustrates how HiWave enhances fine details and can im-
prove semantic plausibility in base images generated by the SDXL
model at the original resolution. Our method retains the same over-
all composition but successfully extracts and amplifies fine details
that were merely suggested in the original SDXL generations. In row
1, the intricate blue patterns on the porcelain bottle show substan-
tially improved definition, with clear brushwork details and subtle
variations in the blue pigment that are barely distinguishable in the
original image. Row 2 illustrates how our method reveals individual
yarn strands and stitch patterns of a knitted toy mouse with great
clarity. In row 3, a child in the flower field shows how our method
can handle natural scenes with finer hair detail, clothing texture, and
surrounding flora detail without losing scene composition. These
results demonstrate that HiWave effectively adds the fine-grained
details necessary for high-quality high-resolution image generation.

5.4 Human evaluation study

To validate our qualitative observations, we conducted a comprehen-
sive human preference study comparing HiWave against Pixelsmith.
Using 32 image pairs generated with identical prompts and seeds
at 4096x4096 resolution, we presented participants with random-
ized blind A/B tests. The 32 prompts were selected solely based
on the SDXL base outputs—prior to running any methods—to avoid
selection bias. The participants were asked to select their preferred
image based on overall quality, coherence, and absence of artifacts.
Figure 8 shows the preference scores for HiWave and Pixelsmith.
Across 548 independent evaluations, HiWave was preferred in 81.2%
of responses (445 out of 548), with seven test cases achieving 100%
preference for our method. The full set of per-question preference
percentages is provided in the Appendix. This strong preference
aligns with our qualitative findings regarding artifact reduction and
coherence preservation in Figure 5.
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Fig. 5. Qualitative comparison of high-resolution (4096x4096) image generation across three methods. HiDiffusion (left column) consistently struggles to
produce realistic details and coherent structures, leading to blurry textures and distorted features. Pixelsmith (middle column) generally generates high-quality
details but exhibits noticeable duplication artifacts—particularly in background elements and textures—as highlighted in the zoomed regions (green boxes). In
contrast, HiWave (right column) maintains structural coherence and delivers sharp, artifact-free generations without duplications.
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Fig. 6. Examples of high-resolution (40964096 and 2048x4096) images generated by our method, illustrating a variety of subjects across diverse visual motifs.
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SDXL (1024x1024)

HiWave (4096x4096)

Fig. 7. Comparison between our HiWave method at 4096x4096 resolution (left) and the SDXL base model at 1024x1024 resolution (right). Each row displays a
different image along with corresponding zoomed-in regions to highlight detail enhancement. Row 1 features a porcelain bottle with intricate blue patterns;
Row 2 shows a knitted toy mouse with clearly visible yarn texture; and Row 3 depicts a child in a flower field, with enhanced hair and fabric details. The
zoomed regions illustrate how HiWave preserves the overall composition generated by SDXL while significantly enhancing fine details that are only partially

present in the original generations.

Pixelsmith | 18.8

HiWave 81.2

0 20 40 60 80 100

Human preference (%)

Fig. 8. User preference comparison between HiWave and Pixelsmith. Hi-
Wave was preferred by participants in over 80% of cases, validating its
effectiveness in generating high-quality images at high resolutions.

5.5 Ablation Study

We conduct comprehensive ablation studies to analyze HiWave’s
performance and validate the contribution of each component. Our
experiments demonstrate HiWave’s compatibility across different ar-
chitectures, including Stable Diffusion v2.1, DiT-XL, and SDXL-Flash
with reduced sampling steps, confirming the broad applicability of
our approach.

Our ablation studies reveal several key insights. First, HiWave
improves both global structure and fine details compared to the
base image generated with SDXL at 1024x1024. Second, removing
guidance from low-frequency components effectively eliminates du-
plication artifacts. Third, initializing sampling from DDIM-inverted
noise is crucial to avoid geometric and color inconsistencies across
patches, while this step alone is insufficient—DWT-based frequency

guidance remains essential for fully mitigating duplication and pro-
ducing highly detailed, artifact-free images.

Additionally, we confirm that multistep generation produces
sharper details than single-step generation, without introducing
duplication in our setup, unlike what has been reported in prior
work [Tragakis et al. 2024]. We also demonstrate HiWave’s ability
to upscale natural (non-Al-generated) images in a zero-shot manner
and generate artifact-free images at ultra-high resolutions up to
8192x8192. Detailed results for all ablation studies are provided in
the supplementary materials.

6 Limitations and Future Work

Since our method builds on a pretrained diffusion model, its perfor-
mance naturally reflects the quality of the base generation. While
HiWave consistently improves resolution and enhances details, cer-
tain structural inconsistencies in the original outputs (e.g., mis-
shapen hands or minor facial asymmetries) may be partially re-
tained, though often at a reduced severity. These cases typically
align with well-known challenges of diffusion models, such as ren-
dering hands, maintaining perfect facial symmetry, or handling text
and repetitive structures.

Additionally, HiWave may produce slightly different color tones
compared to the base SDXL generation. This occurs because our
DWT-based guidance preserves low-frequency components (which
encode color information) without applying CFG guidance, while
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the original SDXL uses CFG across all frequencies. Since CFG typi-
cally increases saturation, our approach yields different color tones.
For users preferring the original color characteristics, we provide
an optional post-processing step that adjusts the color statistics of
the HiWave output to match the base image.

Our frequency-aware guidance mechanism substantially reduces
duplication artifacts relative to existing approaches, though in rare
and complex cases some residual artifacts may persist. This is par-
ticularly relevant for natural elements that inherently repeat within
a scene (e.g., clusters of trees, rocks, or architectural motifs) where
distinguishing between true repetition and artifacts remains chal-
lenging. Potential avenues for future work include adaptive param-
eter tuning that dynamically adjusts guidance strength based on
content, as well as hierarchical patch frameworks for more robust
inter-patch consistency at extreme resolutions.

Overall, these considerations represent manageable challenges
rather than fundamental barriers. HiWave advances the state of
high-fidelity, high-resolution generative modeling by demonstrat-
ing that training-free approaches can achieve compelling 4K and
beyond outputs, significantly broadening the practical applicability
of diffusion-based generation.

7 Conclusion

In this work, we introduced HiWave, a novel zero-shot pipeline
that enables pretrained diffusion models to generate ultra-high-
resolution images (e.g., 4096x4096) beyond their native resolution,
without requiring architectural modifications or additional train-
ing. HiWave employs a two-stage, patch-based strategy that first
generates a base image using a pretrained diffusion model and subse-
quently refines individual patches of the upscaled image to achieve
higher resolutions. Specifically, HiWave leverages a patch-wise
DDIM inversion approach to recover the latent noise from the base
image and incorporates a novel wavelet-based detail enhancement
module that selectively guides high-frequency components while
preserving or enhancing the global structure via low-frequency com-
ponents. With this frequency-aware guidance mechanism, HiWave
overcomes common pitfalls of existing high-resolution methods—
namely, object duplication and structural incoherence—enabling
models trained at 1024x1024 to generate coherent and detailed out-
puts at 4096x4096. Extensive experiments with Stable Diffusion XL
demonstrated that HiWave not only produces visually compelling 4K
images with fine details and strong global consistency, but also sig-
nificantly outperforms prior zero-shot high-resolution approaches.
A user study further supported these findings, with participants
preferring HiWave’s results in more than 80% of cases. By enabling
ultra-high-resolution synthesis without retraining, HiWave unlocks
practical applications in domains where 4K (and beyond) outputs are
essential. Future work could explore extensions to video, runtime
optimizations, and the integration of more advanced guidance strate-
gies within the detail enhancer module.Overall, HiWave represents a
significant step toward democratizing high-fidelity, high-resolution
generative modeling.
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