Is One GPU Enough? Pushing Image Generation at
Higher-Resolutions with Foundation Models.
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Abstract

In this work, we introduce Pixelsmith, a zero-shot text-to-image generative frame-
work to sample images at higher-resolutions with a single GPU. We are the first
to show that it is possible to scale the output of a pre-trained diffusion model by a
factor of 1000, opening the road for gigapixel image generation at no additional
cost. Our cascading method uses the image generated at the lowest resolution as a
baseline to sample at higher-resolutions. For the guidance, we introduce the Slider,
a tunable mechanism that fuses the overall structure contained in the first-generated
image with enhanced fine details. At each inference step, we denoise patches rather
than the entire latent space, minimizing memory demands such that a single GPU
can handle the process, regardless of the image’s resolution. Our experimental re-
sults show that Pixelsmith not only achieves higher quality and diversity compared
to existing techniques, but also reduces sampling time and artifacts

1 Introduction

Recent advances in diffusion models (DMs) have revolutionized the field of high-fidelity image
generation. Foundational works like |Ho et al.|[2020], Sohl-Dickstein et al.[[2015]],/Song and Ermon
[2019] established the groundwork, leading to significant breakthroughs demonstrated by [Dhariwal
and Nichol| [2021]]. These models have evolved rapidly, with innovations such as new sampling
techniques |Lu et al.|[2022], [Song et al.|[2020] and capabilities for inpainting |Lugmayr et al.| [2022]
and image editing |Brooks et al.|[2023[], Mokady et al.| [2023]], Nichol et al.|[2021]]. However, even
though DMs have shown remarkable results on high-fidelity image generation, scaling them to
high-resolutions is still an open challenge. The introduction of the latent diffusion model (LDM)
Rombach et al.|[2022b]] has made high-resolution image synthesis more accessible. However, most
pre-trained DMs based on the LDM are limited to generating images with a maximum resolution of
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1024 pixels due to constraints in computational resources and memory ef ciency. Following this
approach, aiming to ultra-high-resolution generation would incur additional training and data costs,
and the model would be unable to run on a single GPU.

Recently, several works have focused on scaling pre-trained models to higher-resolutions, highlighting
new possibilities and challenges in the ¢ld Aversa €t/al. [2024], Du et al. [2023], Gu et al. [2023], He

et al. [2023]. This allows already available models to be used with no extra costs and no additional
carbon footprint. However, most methods addressing this problem either require expensive GPUs,
as memory demands increase with resolution or prolonged generation times. Moreover, scaling the
native resolution of a generative foundation model to higher-resolutions introduces artifacts due
to the direct mapping into a prompt-image embedding space. For a speci c prompt, we would
expect to sample an image matching the description and of the same size as the training data images.
Consequently, even scaling up by a factor of 2 would lead to the duplication of the image produced by
the prompt across the higher-resolution image. However, since the images in the training set contain
information at different resolutions, we can leverage this prior knowledge implicitly learned by the
diffusion model to guide the generation at higher-resolutions and enhance ne details. Addressing
these challenges is crucial for applications that demand ultra-high-resolution images, such as gigapixel
photography, medical imaging, satellite imagery and high-de nition digital art.

To overcome the challenges in ultra-high-resolution image generation, we introduce Pixelsmith, an
adaptable framework that utilizes pre-trained generative models for scalable gigapixel synthesis.

Our contributions are outlined as follows: 1. We introduce Pixelsmith, the rst framework capable of
generating gigapixel-resolution images using a single GPU. 2. We develop the Slider, a dynamic tool
that allows users to adjust the balance between overall image structure and ne-detail enhancements in
the generation process. 3. We enhance and adapt the random patch denoising strategy to text-to-image
pre-trained diffusion models, leading to minimized memory usage. 4. We provide a masking method
that, combined with the Slider, reduces the number of artifacts at higher-resolutions.

2 Related Work

Pre-trained DMs are trending toward increasing native resolutions. Notable examples include Stable
Diffusion (SD) Rombach et al. [2022b], which startedsa®®, then76& in SD 2, and1024 in

SDXL Podell et al. [2023], SD Cascade Pernias et al. [2023], and SD 3 Esser et al. [2024]. Similarly,
DALL-E Ramesh et al. [2021] continues to increase resolution with each version OpenAl [Nov 6
2023]. This trend shows a growing demand for higher-resolution generation.

Currently, high-resolution image generation often involves a super-resolution model applied after the
initial text-to-image generation Saharia et al. [2022]. This additional model increases costs due to
training and domain-speci ¢ ne-tuning requirements.

2.1 Trained Models

Trained models are those that are speci cally designed for multi-resolution generation. Recent models
like Matryoshka Gu et al. [2023] can generate various resolutions P24 through a progressive
training schedule. However, scaling beyond this is limited. CogView3 Zheng et al. [2024b], based
on Relay Teng et al. [2023], upsamples from a base resolutisaBf though higher-resolutions

like 4096 remain a future goal. Fine-tuning methods such as DiffFit Xie et al. [2023] are costly,
requiring 51 V100 GPU days. ASD Zheng et al. [2024a] introduces a memory-ef cient sampling
method capable dheoreticallygenerating images up 8432 resolution. Patch-DM Ding et al.
[2023], by training on64? patches, can generate resolutions like X®2. LEGO Zheng et al.
[2023] and Inf-DiT Yang et al. [2024] also rely on training.

2.2 Adapted Models

Adapted models, on the other hand, modify pre-trained models to generate higher-resolutions without
additional training. MultiDiffusion Bar-Tal et al. [2023] offers controllable generation through
multiple processes but is slow and prone to structural errors Du et al. [2023], He et al. [2023],
Zheng et al. [2024a]. ScaleCrafter He et al. [2023] improves resolution by altering the convolution
kernel dilation but faces memory limitations. DemoFusion Du et al. [2023] adapts MultiDiffusion



Figure 1: Examples of generated images using Pixelsmith. The proposed framework generates
images on higher-resolutions than the pre-trained model without any ne-tuning. Images at different
resolutions are shown with cut-out areas for both Pixelsmith and the base model. The higher-
resolution images are in scale with the images generated by the base model. Only the lower resolution
version of the gigapixel image has been resized for a better visualisation. Some cut-outs of the
gigapixel generation have resolution close to the base model whi€2# and it can be seen that

the images are comparable in aesthetics showing that our framework is capable of true gigapixel
generationsZoom into see in better detail).

for constant memory use, though it is time-consuming. ElasticDiffusion Haji-Ali et al. [2023] and
SyncDiffusion Lee et al. [2023] aim for speci ¢ high-resolution goals, but object repetition remains

a problem at large scales Jin et al. [2024]. Recently, HiDiffusion Zhang et al. [2023] introduced
modi cations to the UNet architecture to prevent object duplication; however, it is limited to a
maximum resolution o096 due to high GPU memory requirements. AccDiffusion Lin et al.
[2024] employs patch-content-aware prompts and adjusts the attention masks within the UNet to
suppress artifacts, but these changes result in blurry images. Similarly, Fouriscale Huang et al. [2024]
is another model that alters the UNet but exhibits issues at higher-resolutions, particud@9Fat
Current approaches excel in some areas but fall short in others. To enable high-resolution generation
on a single consumer GPU, models must be adapted to avoid retraining costs. Ef cient memory
usage is crucial to prevent the need for expensive, high-memory GPUs, and the process must be fast
and artifact-free. We propose a exible framework that addresses these challenges based on text
conditions.
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