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Abstract

We consider the problem of generating images whose inter-
nal structure—defined by the distribution of patches across
multiple scales—matches that of a single reference image.
Recent approaches address this problem by training a dif-
fusion model on a single image. But even in this setting,
training is computationally expensive and requires hours of
optimization. Instead, we model the image using a dataset
of its patches at different scales. As this dataset is finite and
the dimensionality of its patches is small, the score function
for a noisy patch can be computed tractably using an opti-
mal, closed-form denoiser, eliminating the need for neural
network training. We integrate this patch-based denoiser
into an efficient, training-free image diffusion model, and
we describe how our method connects to classical patch-
based image restoration techniques. Our approach achieves
state-of-the-art generation quality and diversity compared
to trained single-image diffusion models, and we demon-
strate applications, including unconditional image genera-
tion, text-guided stylization, image symmetrization, and re-
targeting. Further, we show that our approach is compati-
ble with latent space diffusion, and we show multiple addi-
tional acceleration techniques to achieve megapixel single-
image generation in one second, and gigapixel generation
in minutes.

1. Introduction

A single image contains a dataset of thousands to millions
of patches—Ilocal neighborhoods or groups of pixels—
occurring across different positions and scales. The distri-
bution of image patches conveys information about the in-
ternal structure of an image [73]; for example, most images
have patches that are self-similar within a scale, correlated
in appearance across scales, and similar in their spatial fre-
quency content. Analyzing and modeling the internal struc-
ture of images has led to significant advances in applications
such as unconditional image generation [26, 58], image ma-
nipulation [38, 50], and image restoration [12, 43, 59, 74].
Although non-parametric sampling methods for patch-
based image synthesis and restoration have a long history
in computer vision [3, 7, 12, 18, 19, 23, 34, 71], recent

work has focused instead on using generative models to
learn the distribution of patches from a single image. Tech-
niques based on generative adversarial networks (GANs)
generate images whose distribution of patches matches that
of a source image based on the output of a discrimina-
tor [24, 28, 58]. Other techniques train a diffusion model
to denoise a single image at multiple scales with varying
amounts of Gaussian noise [38, 50]. After training, new
images with a similar internal structure can be sampled
by applying a coarse-to-fine denoising procedure. How-
ever, training single-image generative models is computa-
tionally expensive, requiring several hours of optimization
even though the training data comprises only a single im-
age. Further, such generative models can be difficult to
optimize—especially GANs, which are susceptible to local
minima and mode collapse [6, 15, 46, 53].

A key advantage of classical patch-based modeling tech-
niques is that they require no training, and thus are far
more computationally lightweight compared to GANs and
diffusion models. Moreover, recent work in this direction
has shown competitive results in terms of generated im-
age quality [26] despite relying on nearest-neighbor patch
matching [3] instead of internal learning. Similar to de-
noising diffusion models, these methods generate images
through a coarse-to-fine processing procedure that begins
from a noisy, coarse-resolution input. But, instead of de-
noising, images are generated by iteratively refining patches
with nearest-neighbor matching and progressive upscal-
ing. While this approach is efficient and effective, it is
less flexible than score-based denoising diffusion mod-
els [29, 63], which explicitly model the prior probability
of image patches. For example, diffusion models are easily
combined with vision—language models for text-based edit-
ing [38, 52], and they can incorporate symmetry constraints
or local edits during the generation process [42].

Here, we introduce a method for modeling the internal
structure of images using a closed-form denoising diffusion
procedure that is entirely training-free, similar to conven-
tional patch-based methods. Hence, our approach avoids
the computational cost of internal learning while inherit-
ing the advantages of diffusion models in terms of explicit
probabilistic modeling (see Figure 1).
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Figure 1. We introduce an efficient, training-free diffusion model that generates images based on the internal structure of a single input
image. Our approach uses a closed-form solution for the optimal denoiser derived for noisy patches of the input image. As such, no training
is required, and generated images achieve similar or better quality (based on single-image Fréchet Inception Distance [58]) relative to state-
of-the-art single-image diffusion models such as SinDDM [38], which require hours of training time. Our approach is also compatible with

text-based guidance from pre-trained vision—language models [52] and enables controllable generation, e.g., of symmetric images.

Our approach is based on the following key observa-
tion: since the set of patches in a single image is fi-
nite, the score function corresponding to the distribution
of patches at all positions and scales can be computed in
closed form [8, 36, 41, 49, 56, 64], without training a neural
network. That is, evaluating the score function for a noisy
patch corresponds to applying a denoiser that is optimal for
the ensemble of patches in an image. At the image level, the
optimal denoiser takes a form similar to a non-local-means
denoiser, thereby drawing a connection between recent de-
noising diffusion models [29, 63] and classical patch-based
methods [7, 74]. To generate coherent images across patch
boundaries, we integrate this closed-form denoiser into a
novel reverse diffusion process that operates in a coarse-to-
fine fashion. Finally, we demonstrate our efficient, closed-
form single-image denoiser for applications such as uncon-
ditional image generation, retargeting, text-based styliza-
tion and editing, and image symmetrization [42, 44].

Although the connection between the score function and
denoising has long been known [31, 69], we show that
the analytical denoising solution is especially well-suited
to modeling internal image structure. Moreover, we find
that patch-based diffusion is amenable to multiple accel-
eration techniques: (1) fused attention kernels originally
developed for transformers [14, 68], (2) latent space dif-
fusion [22, 55], and (3) approximate nearest neighbors for
rapidly identifying similar patches [32]. Together, these
techniques enable us to achieve megapixel generation in one
second and gigapixel generation in minutes. Overall, our
closed-form denoising solution achieves state-of-the-art ca-
pabilities in single-image modeling without the hours-long
training of other diffusion-based methods [38, 50].

2. Related Work

Classical patch-based models. Modeling image struc-
ture using patches has long been attractive because it leads
to tractable methods for image analysis, inference, and like-

lihood estimation. For example, analyzing the distribution
of patches within natural images reveals that patches typ-
ically recur many times [73]. Patch self-similarity is the
key principle of non-parametric single-image techniques for
texture synthesis [18, 19, 27], stylization [3, 27], restora-
tion [12, 20], and state-of-the-art non-local denoising meth-
ods [7, 12]. Parametric methods seek to explicitly model
the prior probability of patches using models such as Gaus-
sian mixtures [51, 74]. As we will show, our approach con-
nects classical non-parametric and parametric techniques
for patch-based modeling and grounds them in the modern
framework of diffusion-based inference.

Single-image GANs. More recently, GANs have been
used to learn the distribution of patches from a single im-
age [28, 58, 60]. These methods train a generator to create
images whose patch statistics match those of the input im-
age across multiple scales. However, GANs do not support
guidance (e.g., from text prompts) without re-training.

Single-image diffusion models. Diffusion models are an
attractive alternative to GANSs; they are easier to train,
achieve higher-quality generation [15], and avoid chal-
lenges related to sample diversity [46, 53]. In the context
of single-image modeling, recent methods based on diffu-
sion models show compelling results in image generation,
manipulation, and text-driven stylization [38, 50, 70] but are
expensive to train. Moreover, they model patches implicitly
by restricting the receptive field of the network [50, 70] or
by generating images sequentially across scales [38]. Simi-
lar to our method, concurrent work investigates patch-based
models in the context of closed-form diffusion, but focuses
on texture synthesis rather than image generation [10].
Our method operates explicitly on patches using an opti-
mal closed-form denoiser, achieving similar or better image
generation quality relative to prior training-based diffusion
models—without any training. See Sec. S1 for a detailed
discussion of how our approach compares to previous work.

36158



3. Method

We now describe our method for single-image generative
modeling by closed-form denoising diffusion. We begin
with an overview of diffusion sampling and the closed-form
denoiser (Sec. 3.1) and connect our approach to classical
patch-based methods (Sec. 3.2). We then describe how to
integrate the closed-form denoiser into a multi-scale ap-
proach for image sampling (Secs. 3.3 and 3.4).

3.1. Closed-Form Denoising Diffusion

Preliminaries. Diffusion models [29, 62, 63, 65, 66] act
on a forward diffusion process that adds an increasing
amount of noise in steps ¢ € [0,...,7] to a clean signal
y € RM sampled from a dataset ). The noisy signal x; at
step ¢ is given as x; = a(t)y + o(t)e, where € ~ A(0,1)
is standard normal distributed, and the noise-scheduling pa-
rameters «(t), o(t) are smooth functions chosen so that
a(0) =o0(T) =1and a(T) = ¢(0) = 0 (i.e., t = O corre-
sponds to the clean signal). The diffusion model learns the
structure of signals in ) by running the diffusion process in
reverse. That is, the model consists of a denoiser D that is
trained to minimize

Eyy t~uifo,1],e~N(0,1) [WE) | D(xe, t) —yl3] (1)
where w(t) is a weight that depends on ¢ [63]. Hence, the
model learns to denoise all signals in the dataset over all
diffusion timesteps.

Closed-form denoising. Instead of training the diffusion
model, our approach uses an optimal, closed-form denoiser
inspired by previous work [5, 8, 35, 36, 41, 49, 56, 64]. We
use this denoiser to iteratively reverse the diffusion process
to recover a clean signal from noise. The closed-form de-
noiser is given as
> pv(xiay, o)y
yey
> pa(xi;ay,0%0)
yey
which computes the denoised signal as a weighted func-
tion of all clean signals in the dataset Y = {y("), ...y}
(please see Sec. S2 for the derivation). We use the denoiser
to run the reverse diffusion process with the following iter-
ative updates:

2)

D(Xt>y7t) =

)A(t < D(Xt,y,t)
a(t)x)/o(t)

X1 < at — 1)x;
+ /ot —1)2 —c(t—1)2& +c(t —1)e
t—t—1

(denoised signal), (3)
€ <+ (x¢ — (estimated noise), (4)

(noisy signal), (5)

(update timestep).  (6)

where ¢(t — 1) € [0, o(t — 1)] modifies the amount of sam-
pling stochasticity by adding random noise €; ~ AN (0, 1),
and we use n(t) = c(t)/o(t) € [0, 1] to control the stochas-
ticity. Equations 3-6 reduce to a deterministic Denoising

Diffusion Implicit Model (DDIM) [63] when 7(t) = 0. It-
erating these steps yields the generated signal xg.

3.2. Connection to Patch-Based Image Restoration

Many classical image restoration methods that rely on non-
parametric sampling [7] can be viewed as employing the ex-
act same closed-form denoiser at the patch level, followed
by an image reconstruction step that reassembles a full im-
age from a set of denoised patches. Below, we describe
connections of our framework to these classical techniques.

Non-local means denoising [7]. Given an input noisy
image x, non-local means computes a denoised image X
from a dataset of all overlapping noisy image patches,
X ={PW .. PWNx} of {xMW ..., x(M)}, where P®)
is a matrix that extracts a patch x() from the image. Each

patch is denoised as .
M« D x|
N—— S——

denoised patch
The output image is then assembled as X < > RO,
where R(?) is a matrix that copies the center pixel of the
patch back to its corresponding location in the image. Note
that the formulation here is identical to Equation 2, except
that the dataset X’ consists of noisy patches.

X —{xD1 0.
N————’

patch to be denoised  all other noisy patches

Image restoration with GMM patch priors [74]. One
way to model patch priors for image restoration is
to fit a Gaussian mixture model (GMM) to the patch
dataset [74]. This results in a prior patch probability of

. K .
p(x®) = 3 mepar(xD; ., By.), where . are the mix-

ing coefﬁc]icenlts for the K components, and p;, and X, are
the mean and covariance matrix, respectively. However,
this prior does not yield a closed-form solution for the max-
imum a posteriori estimate of the clean patch given a noisy
patch x() [74]. Further, fitting the GMM prior to the patch
dataset requires an expensive optimization using expecta-
tion maximization.

The closed-form denoiser of Equation 2 can be
thought of as a restoration technique that replaces the
above patch prior with a trivial GMM that centers
a mixture comj\?onent at each patch in the dataset:
p(x®) = %300 par(xD;y9), 0°T). As 0 — 0, Equa-
tion 2 converges to the exact prior probability p(x(?), and
the closed-form denoiser gives the minimum mean squared
error estimate of a clean patch given the noisy patch x(*)
(see Sec. S2). Hence, our formulation relies on a GMM
prior—just like classical patch-based methods—but one
that estimates clean patches efficiently in closed form.

3.3. Single-Scale Image Sampling

We now describe how to sample entire images by applying
the closed-form denoiser at the patch level. The procedure
is illustrated in Figure 2 and summarized in Algorithm 1.
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Figure 2. Method overview. Our approach takes a single image as input, extracts patches, and uses the patches to generate new images using
denoising diffusion. (top) We illustrate a single step of the reverse diffusion process: (blue) patches from the noisy image are denoised
and used to reconstruct an image; (green) the denoised image is blended with the output of the reverse diffusion process at a coarser scale
(Xs+1,t); (red) the noisy image at the previous diffusion timestep (xs,:—1) is sampled. (bottom) All steps of reverse diffusion process for
single-scale image sampling (omits coarse-to-fine guidance (green)) and coarse-to-fine image sampling are shown.

The procedure begins by extracting a dataset ) of over-
lapping patches from the input image. These patches are
treated as “clean,” i.e., noise-free. To sample an image,
we start at the last timestep of the forward diffusion by
sampling a noise image x;—7 ~ AN(0,I). We then it-
eratively denoise it through the reverse diffusion process
as follows. We extract noisy patches from the image as
xgz) +— PWx,, and we apply Equations 3—6 to recover de-
noised patches )A(,El)
% N RYRD, where RY is a matrix that copies the
patch back to its original location in the image after weight-
ing by a Gaussian with standard deviation p. Here, p con-
trols how much of the patch outside of the center pixel is

. Then, we reconstruct a full image as
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copied back to the image (i.e., p = 0 corresponds to the
R matrix employed by non-local-means denoising). Fi-
nally, we add noise to sample a noisy image for timestep
t <~ t — 1 of the forward diffusion. This process iterates
until we sample the output image x;—q. Figure 2 (middle)
illustrates this sequence of denoising and sampling steps.

We show examples of single-scale image sampling in
Figure 3. Note that while image structures at the scale of
a patch are preserved, the sampled images do not maintain
the input image’s global structure. To address this issue,
we develop a coarse-to-fine image sampling procedure that
preserves global image structure from coarse scales while
maintaining high-frequency details from fine scales.



Algorithm 1 Single-Scale Image Sampling

Algorithm 2 Coarse-to-Fine Image Sampling

1: procedure SAMPLEIMAGE(y)
2 Y= {P(l)y, R P(N)y} > extract clean patches
3 x7 ~ N(0,I)
4 fort =[T,...,1] do > reverse diffusion steps
5: Xt < IMGDENOISE(x¢, V, t)
6 € <+ (x¢ —a(t)ke)/o(t)

xio1 ot — D)Xy +/o(t —1)2 —c(t — 1)2&

7.

+c(t—1)e, € ~N(0,I)
8: end for
9: return X;—o

10: end procedure
11: procedure IMGDENOISE(x;, )V, 1)

12: (XN (PWx,, ..., PMx,} > extract patches

13 {&}Y, « {PaTcHDENOISE(x!”, ¥, )}, > denoise
14 %« SN RYPxY I> reconstruct image

15: return X;

16: end procedure

17: procedure PATCHDENOISE(X¢, V, t)

Syeyexp(—lxe—ayll3/20?)y
Syey exp(—lxi—ayl|}/202)
19: return X

20: end procedure

18: )A(t <—

input image

T Ve
patch size = 15 pixels patch size

a1y 1 R ) [ Ml L 4
Figure 3. Illustration of single-scale sampling. This procedure
(detailed in Algorithm 1) captures image statistics at the scale of
an individual patch (white squares), but fails to capture the coarse
structure of the image. We address this issue using coarse-to-fine
image sampling (Algorithm 2, Figure 4).

< @
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3.4. Coarse-to-Fine Image Sampling

We achieve coarse-to-fine image generation by first running
the single-scale image sampling procedure at the coarsest
image scale. Then, we incorporate the coarse-scale output
into the generation of an image at a finer scale, and we re-
peat this process until we output an image at the highest-
resolution scale. We illustrate the method in Figure 2 (bot-
tom) and provide a pseudocode description in Algorithm 2.

More specifically, we first initialize a noisy image pyra-
mid as {xs7}5 o ~ N(0,I). Here, s = S is the coarsest
scale and s = 0 corresponds to the full-resolution image.
For s = S, we follow the single-scale image sampling pro-
cedure exactly to sample an output image at that scale. For
the other scales, s € {S — 1,...,0}, we follow the single-
scale sampling approach to gather and denoise patches from
the noisy images x, ; and reconstruct a denoised image X ;
at each diffusion timestep; additionally, we guide the gen-

1: procedure SAMPLEIMAGECOARSETOFINE(y)
20 {V Y, {Pgl)y, e PgNS)y}f:O > extract patches
3 {xo1}ioo ~N(0,T) > initialize a noise pyramid
4: fors=1[S,...,0]do > iterate over scales
5 fort =[T,...,1] do > diffusion timesteps
6: Xs,t <+ IMGDENOISE(Xs,¢, Vs, t)
7 és,t — (Xs,t — Oé(t))A(s’t)/O'(t)
8 if s < S then
9 Xs,t < TWOSCALEBLEND(Xs,¢, Xs+1,6=0)
0 end if

Xe i1 ot — D)Xsp +/olt —1)2 —c(t — 1)2&, ¢
+c(t—1)esy, €s,e ~N(0,T)

12: end for

13:  end for

14:  return Xs—o,:=0

15: end procedure

16: procedure TWOSCALEBLEND(Xs,¢, Xs+1,t=0)

17:  return Xs; — BLUR(Xs,t) + UPSAMPLE(Xs41,t=0)
18: end procedure

eration process using the output X1 ;—o from the previous
(coarser) scale. The coarse-scale guidance is incorporated
by applying a high-pass filter to the denoised image X; ¢
at the current scale, and adding the result to an upsampled
version of X1 ¢~ (see the TWOSCALEBLEND function
of L9 in Algorithm 2). This operation can be thought of
as a two-scale version of Laplacian pyramid blending [9].
Finally, we add noise to this result to compute X ;—;—the
noisy image at the previous diffusion timestep for this scale.
The same denoising, blending, and noise-addition steps are
repeated for each scale until the output x,—¢ ;—¢ at the finest
scale is produced. Note that in this coarse-to-fine sampling
procedure, we denoise the image patches using a dataset of
patches Y, extracted from the input image at the same scale.

3.5. Acceleration Techniques

Our closed-form denoiser can be further accelerated us-
ing several complementary techniques. First, we lever-
age PyTorch’s fused attention kernel (based on FlashAt-
tention [13, 14]), by re-formulating our patch denoiser as
scaled-dot-product attention (see Sec. S3). Additionally, we
can apply our method in a compressed latent space, similar
to large diffusion models [55]. That is, we encode the in-
put image into a latent using a pre-trained variational auto-
encoder (VAE) [39] and then perform denoising in the latent
space. Finally, we can approximate the summation in Equa-
tion 2 using k approximate nearest neighbors (ANN) [32]
found via a clustering-based index [61]. We use an inverted
file index with /N clusters and probe a fixed number of
them at query time, which reduces the cost from O(N?) to
O(N?3/?). Additional implementation details are provided
in Sec. S3.
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Figure 4. Unconditional single-image generation results. Our training-free, coarse-to-fine image sampling procedure based on closed-form
denoising diffusion (right) produces results of the same quality as other state-of-the-art methods that require hours of training time.

type metric ‘ SinGAN [58]  GPNN [26] GPDM [21]  SinDDM [38]  SinFusion [50]  SinDiffusion [70]  proposed (T=10,n=0) proposed (T'=40, n=1) proposed (T=10,n=0, k=5)
patch distribution  SIFID | | 0.13+0.08 0.06+0.11 0.015+0.01 0.48+0.62 0.51+£0.49 0.31+0.35 0.29+0.39 0.21+0.29 0.38+0.52
NIQE | 7.95+3.37 9.78+5.59 7.99+3.04 7.69+3.60 10.1745.29 6.96+2.88 8.0843.23 8.1843.05 8.10+3.50
no reference QA NIMA 1 4.3240.39 4.69+0.48 4.21+0.35 4.30+0.46 4.75+£0.45 4.19£0.43 4.53+0.45 4.47+0.48 4.52+0.43
MUSIQ 1 48.26+1040 56.60+11.04 49.72+11.41 50.74=11.18  51.38£12.40 49.314£9.83 55.41£11.05 55.81+11.40 55.13+11.32
diversity Pixel Div.? 0.09+0.03 0.08+0.02 0.10+0.04 0.10£0.03 0.11£0.03 0.11+0.03 0.15+0.04 0.13+0.03 0.15+0.03
iversity LPIPS Div.} 0274007 0294009 0314014  0.36+0.07 0.38+0.07 0.41-£0.07 0.49-::0.07 0.39:£0.06 0.500.08
training time TITAN RTX (hrs) | 2.0 0.0 0.0 10.0 32 54 0.0 0.0 0.0
8 A6000 (hrs) | not supported 0.0 0.0 8.0 15 42 0.0 0.0 0.0
inference time TITAN RTX (s) | 0.04:£0.00 2.62+40.01 9.82+0.29 1.60+0.06 2.09+0.04 14.25+0.23 4.49+0.02 18.5340.11 1.41+0.04
A6000 (s) | not supported ~ 2.08+0.10 11.4940.20 1.25+0.05 1.99+0.09 12.10+£0.08 3.09+0.02 12.5740.05 0.88-£0.02

Table 1. Quantitative assessment of unconditional generation. We report the mean and standard deviation for each metric. While GPNN
and GPDM perform best in terms of SIFID [58], we find that they sample near-duplicates of the input image with high probability

(see Sec. S5). Our approach performs on par with or better than other single-image diffusion models in terms of SIFID as well as NIQE,
NIMA, and MUSIQ (no-reference image quality metrics) [37, 45, 67]. We improve over other methods in terms of the diversity of
generated images (LPIPS distance and pixel diversity [38]), and we avoid the long optimization times of trained methods. Increasing the
number of diffusion steps can improve SIFID (7' = 40, n = 1), and using approximate nearest neighbours (k = 5) accelerates inference,
with only minimal quality loss (a 0.09 increase in SIFID). We time the training and inference on a 186 x248 image, averaged over 10
runs. Note that the publicly available codebase for SinGAN does not support inference on A6000 GPUs.

3.6. Implementation Details

We implement our approach in PyTorch and code is publicly
available on the project webpage. For =10 and £1oat 32
precision, a naive PyTorch implementation of our coarse-to-
fine sampling procedure takes approximately 3 seconds for
a 186x248 image on an NVIDIA A6000 GPU. We found
only a modest improvement in sampled image quality for
T>10 and so we use T'=10 for all results unless otherwise
stated. For images of ~ 250x250 pixel resolution, we use
a patch size of 15x15 pixels with S=4 scales. At subse-
quent scales, the image resolution changes by a factor of
two in each dimension, and we set the number of scales so
that the patch size is about half the size of the image at the
coarsest scale. We extract patches with a stride of one pixel,
and we use a Gaussian with a standard deviation of p=0.2
to weight the patches before they are reassembled into an
image as Ziil R,(f)f{(i). To set o(t) and «(t), we use the
flow matching schedule [40], where a(t) = 1 — ¢t/T and
o(t) = t/T, and we use deterministic sampling (n(t) = 0)
unless otherwise specified. In practice, we omit the two-
stage blending on the ¢ = 0 diffusion step, which we find
improves the results.

4. Experiments

We demonstrate our approach for applications of single-
image generative modeling, including unconditional gener-
ation, image retargeting, symmetrization, structural analo-
gies [4], and text-guided style transfer. We compare our

method | 2562 5122 10242 20487 40967 81922

vanilla 227 4290 73375 >1hr >lhr >lhr

+ fused attention | 1.26 2342 401.79 >1hr >1hr >1hr

+ latent space 036 0.39 0.65 343  36.65 52397

+ ANN 0.65 0.96 1.30 385 15.14  69.39
Table 2. Inference time versus image resolution (seconds; lower
is better), measured with 7'=10 denoising steps on an RTX 6000
Ada (48 GB VRAM, 12 CPUs). Timing covers all stages (VAE
encode/decode and ANN clustering); runs are in bfloat16
except ANN in f1oat32. Fused attention replaces the naive
PyTorch implementation with a fused attention backend. Latent
space uses the FLUX VAE [39] with 8 x spatial compression and
a patch size of 7 for 16 channels. ANN introduces approximate
nearest neighbor search with clustering , reducing complexity
from O(N?) to O(N*/?). All methods improve efficiency.

approach to state-of-the-art single-image generative mod-
els: SinGAN [58], SinDDM [38], SinFusion [50], SinDif-
fusion [70], GPNN [26], and GPDM [21]. SinGAN uses a
generative adversarial network, SinDDM, SinFusion, and
SinDiffusion are based on diffusion models, GPNN uses
patch nearest neighbors, and GPDM optimizes patch dis-
tributions via a Wasserstein distance.

4.1. Unconditional Single Image Generation

We show examples of unconditional image sampling using
our coarse-to-fine procedure in Figure 4. Qualitatively, our
approach generates images with a similar appearance to the
baselines, including methods that require hours of training.
Additional qualitative results are included in Sec. S5.

We provide quantitative results in Table 1 on the
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Figure 5. High-resolution generation. The input image is 308 MP, and we generate an image of size 14336 x 70080 (1 GP) in only 13.9
minutes (NVIDIA RTX A6000 PRO) by incorporating the three proposed acceleration techniques (see Sec. S3.5). Specifically, we use
T = 20 sampling steps with n = 1 and ANN with k = 5. Image: Duncan Rawlinson, CC BY-NC 2.0.

inputimage vertically symmetrized

L ‘Q‘ \Sﬁ—\ X
Figure 6. Image symmetrization. By enforci
diffusion process, our approach can generate new images with hor-
izontal or vertical symmetry. It can also create images that tile
together without seams (the red box indicates the sampled image,
which we use to create the 3 x3 tiling shown).

single image Fréchet Inception distance (SIFID) [58],
no-reference image quality metrics (NIQE, NIMA, and
MUSIQ [37, 45, 67]), pixel diversity, and LPIPS diver-
sity [38]. The latter metrics assess the diversity of generated
images by measuring the average standard deviation of gen-
erated pixels across sampled images, and the average LPIPS
distance between sampled image pairs. Each metric is com-
puted using 50 generated samples, and we report the mean
and standard deviation across 15 different input images.

Our approach achieves improved SIFID compared to
trained single-image diffusion models. While GPNN and
GPDM achieve the best SIFID scores, they often produce
outputs that are nearly identical to the input image (see Fig-
ure S7 and Table S1). = We achieve comparable image
quality to prior methods (NIQE, NIMA, MUSIQ), while
obtaining the highest diversity among all methods (LPIPS
distance, pixel diversity). Overall, we achieve similar or
better quality relative to other diffusion-based models with
significantly lower computational overhead.

In Figure 5, we show generation of a 1 GP resolution
image in 834 s by combining fused attention, latent space
denoising, and approximate nearest neighbors (ANN). Ad-
ditional gigapixel examples are provided in Figure S9. We
find that high-resolution generation benefits from stochastic

style structure

Figure 7. Structural analogies [4]. Our approach combines the
style of one image and the structure of another image to generate a
new image that combines both properties. Nano Banana Pro [25]
preserves neither the structure nor the input patch distribution.

denoising (7 > 0) and using ANN only at finer scales of dif-
fusion sampling after low-spatial-frequency image compo-
nents have converged (see Sec. S3.5). We assess how infer-
ence times scale with image resolution in Table 2; at 16 MP
resolution, the proposed acceleration techniques achieve a
>1000x speedup relative to a naive implementation.

4.2. Applications

Image retargeting. We show image retargeting results in
Figures S10 and S11. Given a specified target resolution,
our method first downsamples the input image to the reso-
lution of the coarsest scale (S). Then, we resize the coarse-
resolution image to the desired aspect ratio and use it to
initialize X g. After, we run coarse-to-fine image sampling
to recover the retargeted image.

Symmetrization. We add constraints during the diffusion
process to sample images that are vertically symmetric or
that tile together without seams (see Figure 6). We create
vertical symmetry by flipping and copying one half of the
denoised image to the other half of the image after every
denoising timestep during the generation process. To create
tileable images, we run three separate denoising passes at
every timestep. In the first pass, we directly denoise the im-
age. In the second and third passes, we circularly shift the
image along the horizontal or vertical dimensions by half
the image width or height before denoising. After denois-
ing, we shift the images back to their original configuration,
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and we blend the results of each denoising pass to ensure
that the boundaries of the image are tileable. We show re-
sults of this procedure for multiple different scenes in Fig-
ure 6; see Secs. S4 and S5 for additional details and results.

Structural analogies. In Figure 7, we show images cre-
ated by structural analogy, which seeks to apply the “style”
of one image to the “structure” of another image. Large
diffusion models struggle with this task and fail to preserve
the distribution of patches from the style image (e.g., Nano
Banana Pro [25]; see Sec. S5 for implementation details).

This task is accomplished by first downsampling the
structure image to a coarse scale and running the single-
scale DDIM inversion [15, 47, 72] to a timestep t'=17"/10
or T'/2 (we use less noise for images with high-frequency
structure). DDIM inversion converts a clean image into a
corresponding noisy latent by applying Egs. (3) to (6) in
reverse time: at each step, we use the predicted x; and
€; to deterministically produce a noisier sample x;41
a(t+1)%,+o(t+1)€ withn = 0. Tterating the clean image
from ¢t = 0 to ¢ = t’ yields an inverted noisy image x; that
preserves the spatial structure of the original image, which
is useful for editing tasks (see Sec. S4). Then, the inverted
noisy image at the coarsest scale .S is used to initialize x;/ g
for the coarse-to-fine image sampling procedure using the
patches from the style image for denoising.

Text-guided style transfer. We combine our approach
with pre-trained vision—language models to enable text-
guided style transfer. We use the CLIP ViT-B/32 model [52]
and a procedure similar to that of SinDDM for this task [38].

To start, we compute a noisy version of the input im-
age via DDIM inversion, which we then use to initialize the
reverse-diffusion process with the single-scale sampler (Al-
gorithm 1) and CLIP-guided updates. Specifically, at each
denoising step, we first compute the denoised image x;, and
the CLIP update rule is given as

Xecup < YV, Leuwp + A% + (1 — N)Xeqprcue,  (8)
where ~y is a parameter that controls the intensity of the
CLIP guidance, and A is a momentum parameter that con-
trols how much content to retain from the previous timestep
after CLIP guidance. Using momentum helps to prevent
image manipulations from being overridden by the denois-
ing step [38]. The CLIP loss Lcrip is the average cosine
distance between a set of augmented text and image em-
beddings that we compute on the input image (see Sec. S4).

We show examples of text-guided style transfer in Fig-
ures | and S16. The proposed approach can be adapted to
generate images corresponding to various styles and artists,
and we show comparisons to SinDDM in Sec. S5.

4.3. Analysis of Hyperparameter Settings

We evaluate the sensitivity of the method to hyperparame-
ters, including the number of diffusion timesteps, the patch
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Figure 8. Plot of SIFID vs diffusion timesteps " for coarse-to-fine
image sampling across different ) values. The SIFID converges in
roughly 10 timesteps.

patch p

size 00 3.0 1.0 0.2 0.1
5 22+09 22+£09 24+£12 27+£19 28+£20
7 2714 26+13 21+10 19+10 18+£12
9 31+£18 31+£18 23£13 16+£09 14+038
11 35+£21 35+£21 24£16 16+09 13+08
15 40+29 39429 28+21 16£13 13=£11
19 42+£35 41+£35 3.0+28 18x18 15+£15
23 42+41 42440 31+£32 19£23 16=£19

Table 3. Analysis of the single-scale image sampling SIFID versus

different patch sizes and values of p (used in the operator Rff) to
assemble an image from patches). We find that smaller values of p
and patch sizes of around 11-15 pixels achieve the lowest SIFID.

size, and the value of p (used to reassemble the image from
patches R(pl)), and we report the effect on the SIFID score.
We compute metrics using the same 15 images as Table 1,
but for computational expediency we report the mean and
standard deviation over five generated samples per image.

Figure 8 plots the SIFID vs. diffusion timesteps for
coarse-to-fine image sampling across different 7 values.
While increasing the number of diffusion timesteps im-
proves the SIFID scores, there are diminishing returns for
T>10. Higher 7 values yield larger improvements in SIFID
as T increases, but at the cost of reduced sample diversity
(see Table 1). We also plot the impact of patch size and p
on SIFID in Table 3 for single-scale image sampling. Based
on these results, we choose a patch size of 15 and p = 0.2
for all our experiments.

5. Concluding Remarks

Recent diffusion models are trained on increasingly large
datasets and have prohibitive computational costs. Counter
to this trend, we explore reducing the size of the training
dataset to the bare minimum—a single image. In this set-
ting, closed-form denoising eliminates the need for hours of
training and makes single-image generative modeling sig-
nificantly more practical. Our work opens up multiple ex-
citing directions: we envision improving the efficiency fur-
ther to enable real-time generation, developing off-the-shelf
single-image priors for solving inverse problems [11], and
introducing new diffusion priors that leverage the internal
structure of multiple images simultaneously. We discuss
these extensions in more detail in Sec. S6.
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