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Abstract
Diffusion models exhibited tremendous progress
in image and video generation, exceeding GANs
in quality and diversity. However, they are usu-
ally trained on very large datasets and are not
naturally adapted to manipulate a given input im-
age or video. In this paper we show how this can
be resolved by training a diffusion model on a
single input image or video. Our image/video-
specific diffusion model (SinFusion) learns the
appearance and dynamics of the single image or
video, while utilizing the conditioning capabili-
ties of diffusion models. It can solve a wide array
of image/video-specific manipulation tasks. In
particular, our model can learn from few frames
the motion and dynamics of a single input video.
It can then generate diverse new video samples of
the same dynamic scene, extrapolate short videos
into long ones (both forward and backward in
time) and perform video upsampling. Most of
these tasks are not realizable by current video-
specific generation methods.

1. Introduction
Until recently, generative adversarial networks (GANs)
ruled the field of generative models, with seminal works
like StyleGAN (Karras et al., 2017; 2019; 2020), Big-
GAN (Brock et al., 2018) etc. (Radford et al., 2015; Zhang
et al., 2019). Diffusion models (DMs) (Sohl-Dickstein et al.,
2015; Song & Ermon, 2019; Ho et al., 2020) have gained the
lead in the last years, surpassing GANs by image quality and
diversity (Dhariwal & Nichol, 2021) and becoming the lead-
ing method in many vision tasks like text-to-image genera-
tion, superresolution and many more (Jolicoeur-Martineau
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et al., 2020; Nichol & Dhariwal, 2021; Song et al., 2020; Sa-
haria et al., 2022b; Ho et al., 2022b; Nichol et al., 2021; Sa-
haria et al., 2022a; Rombach et al., 2022) (see surveys (Cao
et al., 2022; Croitoru et al., 2022)). Recent works also
demonstrate the effectiveness of DMs for video and text-to-
video generation (Ho et al., 2022c; Singer et al., 2022; Ho
et al., 2022a; Villegas et al., 2022).

DMs are trained on massive datasets and as such, these mod-
els are very large and resource demanding. Applying their
capabilities to edit or manipulate a specific input provided
by the user is non-trivial and requires careful manipulation
and fine-tuning (Avrahami et al., 2022; Gal et al., 2022;
Ruiz et al., 2022; Valevski et al., 2022; Kawar et al., 2022).

In this work we propose a framework for training diffusion
models on a single input image or video - “SinFusion”.
We harness the success and high-quality of DMs at image
synthesis, to single-image/video tasks. Once trained, Sin-
Fusion can generate new image/video samples with similar
appearance and dynamics to the original input and perform
various editing and manipulation tasks. In the video case,
SinFusion exhibits impressive generalization capabilities by
coherently extrapolating an input video far into the future
(or past). This is learned from very few frames (mostly 2-3
dozens, but is already apparent for fewer frames).

We demonstrate the applicability of SinFusion to a variety
of single-video tasks, including: (i) diverse generation of
new videos from a single input video (better than existing
methods), (ii) video extrapolation (both forward and back-
ward in time), (iii) video upsampling. Many of these taks
(e.g., extrapolation/interpolation in time) are not realizable
by current video-specific generation methods (Gur et al.,
2020; Haim et al., 2021). Moreover, large-scale diffusion
models for video generation (Yang et al., 2022; Ho et al.,
2022c) trained on large video datasets are not designed to
manipulate a real input video. When applied to a single in-
put image, SinFusion can perform diverse image generation
and manipulation tasks. However, the main focus in our
paper is on single-video generation/manipulation tasks, as
this is a more challenging and less explored domain.

Our framework builds on top of the commonly used DDPM
architecture (Ho et al., 2020), but introduces several impor-
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Figure 1.Diverse video generation.For each single training video,red rowshows consecutive frames from the training video, whereas
thegreen rowshow a set of consecutive frames generated by our single video DDPM.Please see the videos in our project page.

tant modi�cations that are essential for allowing it to train
on a single image/video. Our backbone DDPM network is
fully convolutional, hence can be used to generate images of
any size by starting from a noisy image of the desired output
size. Our single-videoDDPM, consists of3 single-image
DDPMs, each trained to map noise to large crops of an im-
age (a video frame), either unconditionally, or conditioned
on other frames from the input video.

Our main contributions are as follows:
� First-ever diffusion model trained on a single image/video.
� Unlike general large-scale diffusion models, SinFusion
can edit and manipulate areal input video. This includes:
diverse video generation, video extrapolation (both forward
and backward in time), and temporal upsampling.
� SinFusion provides new video capabilities and tasks not
realizable by current single-video GANs (e.g., video extrap-
olation with impressive motion generalization capabilities).
� We propose a new set of evaluation metrics for diverse
video generation from a single video.

2. Related Work

Our work lies in the intersection of several �elds: generative
models trained on a single image or video, manipulation of
a real input image/video, diffusion models and methods for
image/video generation in general. Here we brie�y mention
the main achievements in each �eld and their relation (and
difference) from our proposed approach.

Video generation is a broad �eld of research including
many areas such as video GANs (Vondrick et al., 2016;
Tulyakov et al., 2018; Clark et al., 2019; Skorokhodov et al.,
2022), video-to-video translation (Wang et al., 2018; Bansal
et al., 2018) or autoregressive prediction models (Ballas
et al., 2015; Villegas et al., 2017; Babaeizadeh et al., 2017;
Denton & Fergus, 2018), to name a few. Diffusion models
for video generation are fairly recent and mostly rely on
DDPM (Ho et al., 2020) framework for image generation,
extended to handle videos (Yang et al., 2022; Höppe et al.,
2022; Voleti et al., 2022; Ho et al., 2022c;a;a; Harvey et al.,
2022) (see Appendix D). These methods can synthesize
beautiful videos, however, none of them can modify or
manipulate an existing input video provided by the user,
which is our goal.
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Figure 2.Single Image DDPM.Our single-image DDPM trains on large crops from a single image. It learns to remove noise from noisy
crops, and, at inference, can generate diverse samples with similar structure and appearance to the training image.

Generative Models trained on a Single Image or Video
aim to generate new diverse samples, similar in appear-
ance and dynamics to the image/video on which they were
trained. Most notably, SinGAN (Shaham et al., 2019) and
InGAN (Shocher et al., 2018) trained multi-scale GANs
to learn the distribution of patches in an image. They
showed its applicability to diverse random generation from
a single image, as well as a variety of other image synthe-
sis applications (inpainting, style transfer, etc.). However,
GPNN (Granot et al., 2022) showed that most image syn-
thesis tasks proposed by single-image GAN-based models
can be solved by classical non-parametric patch nearest-
neighbour methods (Efros & Leung, 1999; Efros & Freeman,
2001; Simakov et al., 2008), and achieve outputs of higher
quality while reducing generation time by orders of magni-
tude. Similarly, extensions of SinGAN (Shaham et al., 2019)
to generation from a singlevideo(Gur et al., 2020; Arora &
Lee, 2021) were outperformed by patch nearest-neighbour
methods (Haim et al., 2021). However, nearest-neighbour
methods have a very limited notion of generalization and are
therefore limited to tasks where it is natural to “copy” parts
of the input. While generated samples are of high quality
and look realistic, this is because the samples are essentially
copiesof parts of the original video stitched together.They
fail to exhibit motion generalization capabilities. In contrast,
our method generalizes well from just a few frames and can
be easily trained on a long input video. Concurrently to
our work, Kulikov et al. (2022); Wang et al. (2022) trained
DMs on a single image and showed various capabilities.
However, both works focused on generation from a single
image, while we present applications on a singlevideo.

Reference Image Manipulation with Large Generative
Models. One of the practical application of generative
models trained on large datasets is their strong generaliza-
tion capabilities for semantic image editing, often obtained
via latent space interpolation (Radford et al., 2015; Brock
et al., 2018; Karras et al., 2019). Applying these capabili-
ties to an existing reference image was mostly achieved by
GAN “inversion” techniques (Xia et al., 2022), and very
recently by �ne-tuning large diffusion models (Gal et al.,
2022; Kawar et al., 2022; Ruiz et al., 2022; Valevski et al.,
2022; Avrahami et al., 2022). However, to the best of our
knowledge, there are no existing large-scale models to-date
which can manipulate an existing input reference video.

3. Perliminaries: Overview of DDPM

Denoising diffusion probabilistic models (DDPM) (Ho et al.,
2020; Sohl-Dickstein et al., 2015) are a class of generative
models that can learn to convert unstructured noise to sam-
ples from a given distribution, by performing an iterative
process of removing small amounts of Gaussian noise at
each step. Since our method heavily relies on DDPM, we
provide here a very brief overview of DDPM and its basics.
To train a DDPM, an input imagex0 is sampled, and small
portions of gaussian noise� are gradually added to it in a
parameter-freeforward process, resulting in a noisy image
x t . The forward process can be written as:

x t =
p

�� t x0 +
p

1 � �� t � (1)

where �� t =
Q t

s=1 (1 � � s), � t 2 (0; 1) is a prede�ned
parameter and� � N (0; I ) is the noise used to generate the
noisy imagex t .
A neural network is then trained to perform thereverse
process. In the reverse process, the noisy imagex t is given
as input to the neural network, which predicts the noise�
that was used to generate the noisy image. The network is
trained with anL 2 loss:

L (� ) = Ex 0 ;�

h
k� � � � (x t ; t)k2

i
: (2)

In existing DDPM-based methods, The network is typically
trained on a large dataset of images, from whichx0 is sam-
pled. Once trained, the generation process is initiated with
a random noise imagexT � N (0; I ). The image is passed
through the model in a series ofreversesteps. In each
timestept = T; :::; 1, the neural network predicts the noise
� t . This noise is then used to generate a less noisy version of
the image (x t � 1), and the process is repeated until a possible
clean imagex0 is generated.

4. Single Image DDPM

Our goal is to leverage the powerful mechanism of diffusion
models to generation from a single image/video. While the
main contribution of this paper is in using DDPMs for gen-
eration from a singlevideo, we �rst explain how a diffusion
model can be trained on a singleimage. In Sec. 5 we show
how this model can be extended tovideogeneration. Some
applications of single image DDPM are found in Sec. 6.
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Figure 3.Network Architecture . Our backbone network is a fully
convolutional chain of ConvNext (Liu et al., 2022) blocks with
residual connections. Note that our network does not include any
reduction in the spatial dimensions along the layers.

Given a single input image, we want our model to gener-
ate new diverse samples that are similar in appearance and
structure to that of the input image, but also allow for se-
mantically coherent variations. We build upon the common
DDPM (Ho et al., 2020) framework (Section 3) and intro-
duce several modi�cations to the training procedure and to
the core network of DDPM. These are highlighted below:

Training on Large Crops. Instead of training on a large
collection of images, we train a single diffusion model on
many large random crops from the input image (typically,
about95% the size of the original image, Figure 2). We
�nd that training on the original resolution of the image
is suf�cient for generating diverse image samples, even
without the use of multi-scale pyramid (unlike most previous
single image/video generative methods (Arora & Lee, 2021;
Shocher et al., 2018; Shaham et al., 2019; Hinz et al., 2021;
Gur et al., 2020; Granot et al., 2022; Haim et al., 2021)).
By training on large crops our generated outputs retain the
global structure of the input image.

Network Architecture. Directly training the standard
DDPM (Ho et al., 2020) on the single image or its large
crops results in ”over�tting”, namely the model only gen-
erates the same image crops. We postulate that this phe-
nomenon occurs because of the receptive �eld of the core
backbone network in DDPM, which is the entire input image.
To this end we modify the backbone UNet (Ronneberger
et al., 2015) network of DDPM, in order to reduce the size
of its receptive �eld. We remove the attention layers as they
have global receptive �eld. We also remove the downsam-
pling and upsampling layers which cause the receptive �eld
to grow too rapidly. Removing the attention layers has an
unwanted side-effect - harming the performance of the diffu-
sion model. Liu et al. (2022) proposed a fully convolutional
network that matches the attention mechanism on many vi-
sion tasks. Inspired by this idea, we replace the ResNet (He

et al., 2016) blocks in the network with ConvNext (Liu et al.,
2022) blocks. This architectural choice is meant to replace
the functionality of the attention layers, while keeping a
non-global receptive �eld. It also has the advantage of re-
ducing computation time. The overall receptive �eld of our
network is then determined by the number of ConvNext
blocks in the network. Changing the number of ConvNext
blocks allows us to control the diversity of the output sam-
ples. Please see further analysis and hyperparameter choice
in Appendix A. The rest of our backbone network is similar
to DDPM, as well as the embedding network (� ) which is
used to incorporate the diffusion timestept into the model
(and will be later used to embed the video frame difference,
see Section 5). See Figure 3 for details.

Loss. At each training step, the model is given a noisy
image cropx t . However, in contrast to DDPM (Ho et al.,
2020), whose model predicts the added noise (as in Equa-
tion (2)), our model predicts the clean image crop~x0;� . The
loss in our single-image DDPM is:

L (� ) = Ex 0 ;�

h
kx0 � ~x0;� (x t ; t)k2

i
(3)

We �nd that predicting the image instead of the noise leads
to better results when training on a single image, both in
terms of quality and training time. We attribute this differ-
ence to the simplicity of the data distribution in a single
image compared to the data distribution of a large dataset of
images. The full training algorithm is as follows:

Algorithm 1 Training on a single imagex

1: repeat
2: x0  Crop(x)
3: t � Uniform(1; :::; T = 50)
4: � � N (0; I )
5: Take gradient descent step on:

r �



 x0 � ~x0;�

� p
�� t x0 +

p
1 � �� t �; t

� 


 2

6: until converged

Our single-image DDPM can be used for various image
synthesis tasks like diverse generation (Figure 6), generation
from sketch and image editing.

5. Single Video DDPM

Our video generation framework consists of 3 single-image-
DDPM models (Fig. 4), whose combination gives rise to a
variety of different video-related applications (Sec. 6). Our
framework is essentially an autoregressive video genera-
tor. Namely, we train the models on a given input video
with framesf x1

0; x2
0; :::; xN

0 g, and generate new videos with
framesf ~x1

0; ~x2
0; :::; ~xM

0 g such that each generated new frame
~xn +1

0 is conditioned on its previous frame~xn
0 . The three

models that constitute our framework are all single-image
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Figure 4.Single Video DDPMOur video framework consists of three models. ThePredictor (left) generates new frames, conditioned on
previous frames. TheProjector(middle) generates frames from noise, and corrects small artifacts in predicted frames. TheInterpolator
(right) interpolates between adjacent frames (conditioned on them), to upsample the video temporally. These models are used together at
inference to perform various video related applications.

DDPM models with the same network architecture as de-
scribed in Sec. 4. The models are trainedseparatelyand
differ by the type of inputs they are given, and by their
role in the overall generation framework. The inference is
application-dependant and is discussed in Sec. 6. Here we
describe the training procedure of each model:

DDPM Frame Predictor (Fig. 4a). The role of thePre-
dictor model is to generate new frames, each conditioned
on its previous frame. At each training iteration we sample
a condition frame from the videoxn

0 and a noisy version of
the(n + k)'th frame (xn + k

t ), which is to be denoised. The
two frames are concatenated along the channels axis before
being passed to the model (as in Saharia et al. (2022b)). The
model is also given an embedding of the temporal difference
(i.e frame index difference) between the two frames (� (k)).
This embedding is concatenated to the timestep embedding
(� (t)) of the DDPM. At early trainingk=1, and in following
iterations it is gradually increased to be sampled at random
from k = [ � 3; 3]. We �nd that such a curriculum learning
approach improves outputs quality (even when at inference
k=� 1).

DDPM Frame Projector (Fig. 4b). The role of thePro-
jector model is to “correct” frames that were generated by
the Predictor. The Projector is a straightforward single-
image-DDPM as described in Section 4, only it is trained on
image crops fromall the frames in the video. After learning
the image structure and appearance of the video frames it is
used to correct small artifacts in the generated frames, that
may otherwise accumulate and destroy the video generation
process. Intuitively, it “projects” patches from the gener-
ated frames back unto the original patch distribution, hence
its name. The Projector is also used to generate the �rst
frame. Frame correction is done at inference via a truncated
diffusion process on the predicted frame.

DDPM Frame Interpolator (Fig. 4c). Our video-speci�c
DDPM framework can be further trained to increase the
temporal resolution of our generated videos, known also as
“video upsampling” or “frame interpolation”. Our DDPM

frameInterpolatorreceives as input a pair of clean frames
(xn

0 , xn +2
0 ) as conditioning, and a noised version of the

frame between them (xn +1
t ). The frames are concatenated

along the channels axis, and the model is trained to predict
the clean version of the interpolated frame (~xn +1

0 ). We �nd
that this interpolation generalizes well to small motions in
the video, and can be used to interpolate between every two
consecutive frames, thus increasing the temporal resolution
of generated videos as well as the input video.

Losses. We �nd that some models work better with dif-
ferent losses. The Projector and the Interpolator are trained
with the loss in Eq. (3), while the Predictor is trained with
Eq. (2), i.e., the noise is predicted instead of the output.

6. Applications

In this section we show how combinations of our single
image/video DDPMs (Sections 4 and 5) provide a variety
of video synthesis tasks.We refer the reader to our project
page, especially to view our video results.

Diverse Video Generation: We can generate diverse
videos from a single input video, to any length, such that the
output samples have similar appearance, structure and mo-
tions as the original input video. This is done by combining
our Predictor and Projector models. The �rst frame is either
some frame from the original video, or a generated output
image from the unconditional Projector. The Predictor is
then used to generate the next frame, conditioned on the
previous generated frame. Next, the predicted frame is cor-
rected by the Projector (to remove small artifacts that may
have been created, thus preventing error accumulation over
time). This process is repeated until the desired number of
frames has been generated. Repeating this autoregressive
generation process creates a new video of arbitrary length.
Note that the process is inherently stochastic – even if the
initial frame is the same, different generated outputs will
quickly diverge and create different videos. See Fig. 1 and
our project page for live videos and many more examples.
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