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512 x 512

Figure 1. ElasticDiffusion generates high quality images at arbitrary sizes using a pretrained diffusion model trained on a single image
size, with equivalent memory footprint and no further training. These results are based on Stable Diffusion; 4, which was trained to
generate 512 x 512 images. The examples shown in this collage are presented without any image cropping, stretching, or post-processing.

Abstract

Diffusion models have revolutionized image generation in
recent years, yet they are still limited to a few sizes and as-
pect ratios. We propose ElasticDiffusion, a novel training-
free decoding method that enables pretrained text-to-image
diffusion models to generate images with various sizes.
ElasticDiffusion attempts to decouple the generation tra-
jectory of a pretrained model into local and global sig-
nals. The local signal controls low-level pixel informa-
tion and can be estimated on local patches, while the
global signal is used to maintain overall structural con-
sistency and is estimated with a reference image. We test
our method on CelebA-HQ (faces) and LAION-COCO (ob-
Jjects/indoor/outdoor scenes). Our experiments and qualita-

tive results show superior image coherence quality across
aspect ratios compared to MultiDiffusion and the standard
decoding strategy of Stable Diffusion. Project Webpage:
https://elasticdiffusion. github.io/

1. Introduction

Diffusion models are a powerful family of algorithms that
achieve remarkable quality and obtain the current state-of-
the-art performance on various image synthesis tasks. As is
the case with most deep neural networks, diffusion models
are typically trained on one or a few image resolutions. For
instance, Stable Diffusion (SD) [39], one of the most widely
adopted diffusion models, is trained on a square images of
size 512 x 512, yet fails to maintain its performance at dif-
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Figure 4. Comparing strategies for calculating diffusion model
score on a local patch. No overlap between adjacent patches (A)
leads to discontinuities at the boundaries. Strategies (B) and (C),
explicitly overlap nearby patches, necessitating substantial over-
lap to be effective. Our implicit overlapping method (D) achieves
superior results with computational demand similar to (B).

This encourages the model to concentrate content gener-
ation within the center area. We then crop the extended
parts from the predicted noise to the target image resolu-
tion N x M. Formally we modify the forward call for the
reverse diffusion step as:

)A(t + Pad (Xt,At\/(jTt—F val — Oy Zt) : (5)
€9 (Xt7c> = Crop (60 ()A(hc) 7N X M) )

where Z; ~ N (0, I) represents the injected Gaussian noise
at each step, and .A; represents a background image of size
(H—N)x (W —M) with a constant color value ) randomly
sampled from a uniform distribution. This simple padding
operation guarantees that the input to the diffusion model
is kept at I x W, while encouraging the diffusion model
to keep the generated content within the cropped N x M
center that we are interested in.

4.3. Refined Class Direction Score

Sharing the class direction score among nearby pixels can
result in over-smoothed images. To mitigate this, we pro-
pose an iterative resampling technique that increases the
resolution of the estimated class direction score by extrap-
olating missing image components from their surrounding
context, following [29]. Our technique involves a grad-
ual enhancement of the class direction score’s resolution
by estimating and integrating it for newly sampled pixels.
Specifically, in each iteration, we replace n% of the pixels
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Figure 5. The Effect of Reduced-Resolution Guidance (RRG).
Higher RRG weights effectively eliminates emerging artifacts al-
beit at the cost of slightly blurrier outputs. § = 200 strikes a good
balance. Improvements are more noticeable when zooming in.
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Figure 6. Effect of Resampling. Applying more resampling steps
noticeably enhances detail in the generated images.

in x; with newly sampled ones from z; to get an updated
version X;. Following each update, the direction score is re-
calculated and blended with the previously calculated score.
Formally, we consider SY = S, and define the iterative re-
sampling as:

STt =8iom+S,0(1-m), (6)

where m € {0, 1}>*W is a mask with a value of 1 at the
positions of the newly sampled pixels and O elsewhere. Sy
represents the recalculated class direction score on X; as
per Eq. (4). This method estimates the class direction score
of n% new pixels while retaining the information of the
previously estimated score, thereby increasing the score’s
overall resolution. In our experiments, we set n to 20% and
repeat the process R times, depending on the target genera-
tion resolution. Fig. 6 demonstrates the effectiveness of our
method in enhancing the details of the generated images.

4.4. Reduced-Resolution Guidance (RRG)

We effectively estimate the unconditional score signal and
concurrently steer the image generation using the class di-
rection score. However, inaccuracies in unconditional score
estimation or fluctuations in local content, especially from
distant patches, can lead to artifacts. To enhance image co-
herence and diminish artifacts, we consider a downsampled
version of the latent at each decoding step as a reference and
aim to align the decoded latent with it through our reduced-
resolution latent update strategy. Specifically, we utilize the
noise-free sample :?:6 of the latent z; from Eq. (1) and gen-
erate a corresponding noise-free sample X} from its down-
sampled counterpart x* in Eq. (4) as:

& = \/%(xt T (co(x) + (14 w) - Ae(x, ),

Here, both & and %} corresponds to the same latent up-
date at different resolutions. Due to its smaller dimension,
%! has a broader context when computing the unconditional
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Figure 8. Qualitative comparison on various aspect ratios.
ElasticDiffusion effectively handles a variety of aspect ratios. In
comparison, SD and MultiDiffusion generate unrealistic images,
while SDXL outputs exhibit a decline in the perceptual quality.

the latent refinement module in SDXL and focus our anal-
ysis on the base model. Throughout our experiments, we
employ a DDIM sampling strategy with 50 steps and use
7.0 for the classifier-free guidance scaling factor. We also
ensure consistency in seeds and captions for all baselines.

5.1. Qualitative Results

We show square image generation samples in Fig. 7 gen-
erated from the CelebAHQ dataset at various resolutions.
Both MultiDiffusion and Stable Diffusion have a tendency
to replicate textures and body parts at higher resolutions, re-
sulting in images that lack coherence. At resolutions lower
than its training resolution 512 x 512, StableDiffusion aligns
poorly with the provided captions and produces unappeal-
ing images. SDXL, trained for 1024 x 1024 resolution,
has a similar trend of reduced perceptual quality at lower
sizes, eventually producing complete noise at a resolution
of 256 x 256. In contrast, ElasticDiffusion maintains im-
age coherence across all tested resolutions, and yields re-
sults comparable to SDXL at 1024 x 1024, despite using a
less powerful base model and lower memory. We excluded

Table 1. Quantitative comparison of on CelebA-HQ and LAION-
COCO at different resolution. We indicate the best performances
in bold, and underline the second best ones. #C'alls represent the
number of diffusion model calls required at each decoding steps.

CelebA-HQ LAION-COCO

Res. Method #Calls Mem.

FID | CLIP{ FID | CLIP ¢

256 SDi1.4 258.43 20.14 54.06 21.43 2 12GB
x  SDXL 368.06 14.40 175.87 14.60 2 18.5GB

236 Ours, , 23523 23.88 2377 2630 2 $.6GB

512 spy4 23340 2400 2050 2733 2 8.6GB

X

512 SDXL 24020 21.57 4258 2534 2 21.6GB
SDi4 238.87 2345 2989 2701 2 11.IGB

768 MD,, 24056 22.82 2998 2731 50 8.6GB
768 SDXL 22548 2423 2331 27.88 2 24.5GB
Ours; 4 225.86 26.66 25.78 2593 17 8.6GB

SDy4 26601 21.90 47.01 2570 1 14.7GB
1024 Mp,, 264.57 2155 3770 2696 162 8.6GB
1024 SDXL 23021 24.62 2558 2806 1 27.5GB

Ours, 4 228.87 2374 2776 2607 33 8.6GB

results at 512 x 512 because both our method and Multi-
Diffusion generate same outputs as the base Stable Diffu-
sion model. We also omitted the results of MultiDiffusion at
256 x 256 since it is not designed to generate images at sizes
smaller than the base model. Fig. 8 presents generated sam-
ples at various aspect ratios. We observe a similar trend of
pattern repetition and reduced perceptual quality for images
generated by the baselines, in contrast to those generated
by ElasticDiffusion. Finally, we apply our method using
SDXL as the base model to enable Full-HD image genera-
tion (1920 x 1080) and provide examples in Supp. Sec. 3.3.

5.2. Quantitative Results

Table 1 shows quantitative evaluations. StableDiffusion
shows increasing image quality degradation, as indicated
by the FID metric when processing images of sizes differ-
ent from its training resolution 512 x 512. MultiDiffusion
slightly improves FID at the expense of a substantially more
forward calls. SDXL demonstrates similar declines in qual-
ity at resolutions far from its fine-tuning size of 1024 x1024.
ElasticDiffusion, however, improves FID while maintaining
a comparable CLIP-score to the base model. ElasticDiffu-
sion also significantly improves the performance for lower
resolutions 256 x 256, while achieving comparable results
to SDXL at its training resolution 1024 x 1024, with only
~ 31% of the memory requirement for SDXL.
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