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ABSTRACT

Guided image synthesis enables everyday users to create and edit photo-realistic
images with minimum effort. The key challenge is balancing faithfulness to the
user inputs (e.g., hand-drawn colored strokes) and realism of the synthesized im-
ages. Existing GAN-based methods attempt to achieve such balance using either
conditional GANs or GAN inversions, which are challenging and often require
additional training data or loss functions for individual applications. To address
these issues, we introduce a new image synthesis and editing method, Stochas-
tic Differential Editing (SDEdit), based on a diffusion model generative prior,
which synthesizes realistic images by iteratively denoising through a stochastic
differential equation (SDE). Given an input image with user guide in a form of
manipulating RGB pixels, SDEdit first adds noise to the input, then subsequently
denoises the resulting image through the SDE prior to increase its realism. SDEdit
does not require task-specific training or inversions and can naturally achieve the
balance between realism and faithfulness. SDEdit outperforms state-of-the-art
GAN-based methods by up to 98.09% on realism and 91.72% on overall satisfac-
tion scores, according to a human perception study, on multiple tasks, including
stroke-based image synthesis and editing as well as image compositing.
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Figure 1: Stochastic Differential Editing (SDEdit) is a unified image synthesis and editing frame-
work based on stochastic differential equations. SDEdit allows stroke painting to image, image
compositing, and stroke-based editing without task-specific model training and loss functions.

1 INTRODUCTION

Modern generative models can create photo-realistic images from random noise (Karras et al., 2019;
Song et al., 2021), serving as an important tool for visual content creation. Of particular interest is
guided image synthesis and editing, where a user specifies a general guide (such as coarse colored
strokes) and the generative model learns to fill in the details (see Fig. 1). There are two natural
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desiderata for guided image synthesis: the synthesized image should appear realistic as well as be
faithful to the user-guided input, thus enabling people with or without artistic expertise to produce
photo-realistic images from different levels of details.

Existing methods often attempt to achieve such balance via two approaches. The first category
leverages conditional GANs (Isola et al., 2017; Zhu et al., 2017), which learn a direct mapping from
original images to edited ones. Unfortunately, for each new editing task, these methods require
data collection and model re-training, both of which could be expensive and time-consuming. The
second category leverages GAN inversions (Zhu et al., 2016; Brock et al., 2017; Abdal et al., 2019;
Gu et al., 2020; Wu et al., 2021; Abdal et al., 2020), where a pre-trained GAN is used to invert an
input image to a latent representation, which is subsequently modified to generate the edited image.
This procedure involves manually designing loss functions and optimization procedures for different
image editing tasks. Besides, it may sometimes fail to find a latent code that faithfully represents
the input (Bau et al., 2019b).

To balance realism and faithfulness while avoiding the previously mentioned challenges, we intro-
duce SDEdit, a guided image synthesis and editing framework leveraging generative stochastic dif-
ferential equations (SDEs; Song et al., 2021). Similar to the closely related diffusion models (Sohl-
Dickstein et al., 2015; Ho et al., 2020), SDE-based generative models smoothly convert an initial
Gaussian noise vector to a realistic image sample through iterative denoising, and have achieved
unconditional image synthesis performance comparable to or better than that of GANs (Dhariwal
& Nichol, 2021). The key intuition of SDEdit is to “hijack” the generative process of SDE-based
generative models, as illustrated in Fig. 2. Given an input image with user guidance input, such as a
stroke painting or an image with stroke edits, we can add a suitable amount of noise to smooth out
undesirable artifacts and distortions (e.g., unnatural details at stroke pixels), while still preserving
the overall structure of the input user guide. We then initialize the SDE with this noisy input, and
progressively remove the noise to obtain a denoised result that is both realistic and faithful to the
user guidance input (see Fig. 2).

Unlike conditional GANs, SDEdit does not require collecting training images or user annotations
for each new task; unlike GAN inversions, SDEdit does not require the design of additional training
or task-specific loss functions. SDEdit only uses a single pretrained SDE-based generative model
trained on unlabeled data: given a user guide in a form of manipulating RGB pixels, SDEdit adds
Gaussian noise to the guide and then run the reverse SDE to synthesize images. SDEdit naturally
finds a trade-off between realism and faithfulness: when we add more Gaussian noise and run the
SDE for longer, the synthesized images are more realistic but less faithful. We can use this observa-
tion to find the right balance between realism and faithfulness.

We demonstrate SDEdit on three applications: stroke-based image synthesis, stroke-based image
editing, and image compositing. We show that SDEdit can produce realistic and faithful images
from guides with various levels of fidelity. On stroke-based image synthesis experiments, SDEdit
outperforms state-of-the-art GAN-based approaches by up to 98.09% on realism score and 91.72%
on overall satisfaction score (measuring both realism and faithfulness) according to human judge-
ments. On image compositing experiments, SDEdit achieves a better faithfulness score and outper-
forms the baselines by up to 83.73% on overall satisfaction score in user studies. Our code and
models will be available upon publication.

2 BACKGROUND: IMAGE SYNTHESIS WITH STOCHASTIC DIFFERENTIAL
EQUATIONS (SDES)

Stochastic differential equations (SDEs) generalize ordinary differential equations (ODEs) by in-
jecting random noise into the dynamics. The solution of an SDE is a time-varying random variable
(i.e., stochastic process), which we denote as x(t) 2 Rd, where t 2 [0, 1] indexes time. In image
synthesis (Song et al., 2021), we suppose that x(0) � p0 = pdata represents a sample from the data
distribution and that a forward SDE produces x(t) for t 2 (0, 1] via a Gaussian diffusion. Given
x(0), x(t) is distributed as a Gaussian distribution:

x(t) = α(t)x(0) + σ(t)z, z � N (0, I), (1)
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Figure 2: Synthesizing images from strokes with SDEdit. The blue dots illustrate the editing pro-
cess of our method. The green and blue contour plots represent the distributions of images and
stroke paintings, respectively. Given a stroke painting, we �rst perturb it with Gaussian noise and
progressively remove the noise by simulating the reverse SDE. This process gradually projects an
unrealistic stroke painting to the manifold of natural images.

where� (t) : [0; 1] ! [0; 1 ) is a scalar function that describes the magnitude of the noisez, and
� (t) : [0; 1] ! [0; 1] is a scalar function that denotes the magnitude of the datax(0). The probability
density function ofx(t) is denoted aspt .

Two types of SDE are usually considered: the Variance Exploding SDE (VE-SDE) has� (t) = 1
for all t and� (1) being a large constant so thatp1 is close toN (0; � 2 (1)I ); whereas the Variance
Preserving (VP) SDE satis�es� 2(t) + � 2(t) = 1 for all t with � (t) ! 0 ast ! 1 so thatp1 equals
to N (0; I ). Both VE and VP SDE transform the data distribution to random Gaussian noise ast goes
from 0 to 1. For brevity, we discuss the details based on VE-SDE for the remainder of the main text,
and discuss the VP-SDE procedure in Appendix C. Though possessing slightly different forms and
performing differently depending on the image domain, they share the same mathematical intuition.

Image synthesis with VE-SDE. Under these de�nitions, we can pose the image synthesis problem
as gradually removing noise from a noisy observationx(t) to recoverx(0). This can be performed
via a reverse SDE (Anderson, 1982; Song et al., 2021) that travels fromt = 1 to t = 0 , based on
the knowledge about the noise-perturbed score functionr x logpt (x). For example, the sampling
procedure for VE-SDE is de�ned by the following (reverse) SDE:

dx(t) =
�
�

d[� 2(t)]
dt

r x logpt (x)
�

dt +

r
d[� 2(t)]

dt
d �w ; (2)

where �w is a Wiener process when time �ows backwards fromt = 1 to t = 0 . If we set the initial
conditionsx(1) � p1 = N (0; � 2 (1)I ), then the solution tox(0) will be distributed aspdata . In
practice, the noise-perturbed score function can be learned through denoising score matching (Vin-
cent, 2011). Denote the learned score model ass� (x(t); t), the learning objective for timet is:

L t = Ex (0) � pdata ;z�N (0;I ) [k� t s� (x(t); t) � zk2
2]; (3)

wherepdata is the data distribution andx(t) is de�ned as in Equation 1. The overall training ob-
jective is a weighted sum overt of each individual learning objectiveL t , and various weighting
procedures have been discussed in Ho et al. (2020); Song et al. (2020; 2021).

With a parametrized score models� (x(t); t) to approximater x logpt (x), the SDE solution can be
approximated with the Euler-Maruyama method; an update rule from(t + � t) to t is

x(t) = x(t + � t) + ( � 2(t) � � 2(t + � t))s� (x(t); t) +
p

� 2(t) � � 2(t + � t)z: (4)

wherez � N (0; I ). We can select a particular discretization of the time interval from1 to 0,
initialize x(0) � N (0; � 2 (1)I ) and iterate via Equation 4 to produce an imagex(0).

3 GUIDED IMAGE SYNTHESIS AND EDITING WITH SDEDIT

In this section, we introduce SDEdit and describe how we can perform guided image synthesis and
editing through an SDE model pretrained on unlabeled images.
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(a) KID andL 2 normsquared
plot with respect tot0 .

(b) We illustrate synthesized images of SDEdit with varioust0 initializations.
t0 = 0 indicates the guide itself, whereast0 = 1 indicates a random sample.

Figure 3: Trade-off between faithfulness and realism for stroke-based generation on LSUN. Ast0
increases, the generated images becomemore realistic while less faithful. Given an input, SDEdit
aims at generating an image that is both faithful and realistic, which means that we should choose
t0 appropriately (t0 2 [0:3; 0:6] in this example).

Setup. The user provides a full resolution imagex (g) in a form of manipulating RGB pixels, which
we call a “guide”. The guide may contain different levels of details; a high-level guide contains only
coarse colored strokes, a mid-level guide contains colored strokes on a real image, and a low-level
guide contains image patches on a target image. We illustrate these guides in Fig. 1, which can be
easily provided by non-experts. Our goal is to produce full resolution images with two desiderata:

Realism. The image should appear realistic (e.g., measured by humans or neural networks).

Faithfulness. The image should be similar to the guidex (g) (e.g., measured byL 2 distance).

We note that realism and faithfulness are not positively correlated, since there can be realistic images
that are not faithful (e.g., a random realistic image) and faithful images that are not realistic (e.g., the
guide itself). Unlike regular inverse problems, we do not assume knowledge about the measurement
function (i.e., the mapping from real images to user-created guides in RBG pixels is unknown), so
techniques for solving inverse problems with score-based models (Dhariwal & Nichol, 2021; Kawar
et al., 2021) and methods requiring paired datasets (Isola et al., 2017; Zhu et al., 2017) do not apply
here.

Procedure. Our method, SDEdit, uses the fact that the reverse SDE can be solved not only from
t0 = 1 , but also from any intermediate timet0 2 (0; 1) – an approach not studied by previous
SDE-based generative models. We need to �nd a proper initialization from our guides from which
we can solve the reverse SDE to obtain desirable, realistic, and faithful images. For any given guide
x (g) , we de�ne the SDEdit procedure as follows:

Samplex (g) (t0) � N (x (g) ; � 2(t0)I ), then producex(0) by iterating Equation 4.

We useSDEdit( x (g) ; t0; � ) to denote the above procedure. Essentially, SDEdit selects a particular
time t0, add Gaussian noise of standard deviation� 2(t0) to the guidex (g) and then solves the
corresponding reverse SDE att = 0 to produce the synthesizedx(0).

Apart from the discretization steps taken by the SDE solver, the key hyperparameter for SDEdit ist0,
the time from which we begin the image synthesis procedure in the reverse SDE. In the following,
we describe a realism-faithfulness trade-off that allows us to select reasonable values oft0.

Realism-faithfulness trade-off. We note that for properly trained SDE models, there is a realism-
faithfulness trade-off when choosing different values oft0. To illustrate this, we focus on the LSUN
dataset, and use high-level stroke paintings as guides to perform stroke-based image generation. We
provide experimental details in Appendix D.2. We consider different choices oft0 2 [0; 1] for the
same input. To quantify realism, we adopt neural methods for comparing image distributions, such
as the Kernel Inception Score (KID; Bińkowski et al., 2018). If the KID between synthesized images
and real images are low, then the synthesized images are realistic. For faithfulness, we measure the
squaredL 2 distance between the synthesized images and the guidesx (g) . From Fig. 3, we observe
increased realism but decreased faithfulness ast0 increases.

The realism-faithfulness trade-off can be interpreted from another angle. If the guide is far from
any realistic images, then we must tolerate at least a certain level of deviation from the guide (non-
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Figure 4: SDEdit generates more realistic and faithful images than state-of-the-art GAN-based mod-
els on stroke-based generation (LSUN bedroom). The guide in the �rst two rows are created by
human and the ones in the last two rows are simulated by algorithm.

faithfulness) in order to produce a realistic image. This is illustrated in the following proposition.

Proposition 1. Assume thatks� (x ; t)k2
2 � C for all x 2 X andt 2 [0; 1]. Then for all� 2 (0; 1)

with probability at least(1 � � ),





 x (g) � SDEdit( x (g) ; t0; � )








2

2
� � 2(t0)(C� 2(t0) + d + 2

p
� d � log � � 2 log� ) (5)

whered is the number of dimensions ofx (g) .

We provide the proof in Appendix A. On a high-level, the difference from the guides and the syn-
thesized images can be decomposed into the outputs of the score and random Gaussian noise; both
would increase ast0 increases, and thus the difference becomes greater. The above proposition sug-
gests that for the image to be realistic with high probability, we must have a large enought0. On the
�ip side, if t0 is too large, then the faithfulness to the guide deteriorates, andSDEdit will produce
random realistic images (with the extreme case being unconditional image synthesis).

Choice oft0. We note that the quality of the guide may affect the overall quality of the synthesized
image. For reasonable guides, we �nd thatt0 2 [0:3; 0:6] works well. However, if the guide is an
image with only white pixels, then even the closest “realistic” samples from the model distribution
can be quite far, and we must sacri�ce faithfulness for better realism by choosing a larget0. In
interactive settings (where user draws a sketch-based guide), we can initializet0 2 [0:3; 0:6], syn-
thesize a candidate with SDEdit, and ask the user whether the sample should be more faithful or
more realistic; from the responses, we can obtain a reasonablet0 via binary search. In large-scale
non-interactive settings (where we are given a set of produced guides), we can perform a similar
binary search on a randomly selected image to obtaint0 and subsequently �xt0 for all guides in
the same task. Although different guides could potentially have different optimalt0, we empirically
observe that the sharedt0 works well for all reasonable guides in the same task.

Detailed algorithm and extensions. We present the general algorithm for VE-SDE in Algo-
rithm 1. Due to space limit, we describe our detailed algorithm for VP-SDE in Appendix C. Es-
sentially, the algorithm is an Euler-Maruyama method for solvingSDEdit( x (g) ; t0; � ). For cases
where we wish to keep certain parts of the synthesized images to be identical to that of the guides,
we can also introduce an additional channel that masks out parts of the image we do not wish to edit.
This is a slight modi�cation to the SDEdit procedure mentioned in the main text, and we discuss the
details in Appendix C.2.
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Algorithm 1 Guided image synthesis and editing with SDEdit (VE-SDE)

Require: x (g) (guide),t0 (SDE hyper-parameter),N (total denoising steps)
� t  t 0

N
z � N (0; I )
x  x + � (t0)z
for n  N to 1 do

t  t0
n
N

z � N (0; I )
�  

p
� 2(t) � � 2(t � � t)

x  x + � 2s� (x ; t) + � z
end for
Return x

4 RELATED WORK

Conditional GANs. Conditional GANs for image editing (Isola et al., 2017; Zhu et al., 2017; Jo
& Park, 2019; Liu et al., 2021) learn to directly generate an image based on a user input, and have
demonstrated success on a variety of tasks including image synthesis and editing (Portenier et al.,
2018; Chen & Koltun, 2017; Dekel et al., 2018; Wang et al., 2018; Park et al., 2019; Zhu et al.,
2020b; Jo & Park, 2019; Liu et al., 2021), inpainting (Pathak et al., 2016; Iizuka et al., 2017; Yang
et al., 2017; Liu et al., 2018), photo colorization (Zhang et al., 2016; Larsson et al., 2016; Zhang
et al., 2017; He et al., 2018), semantic image texture and geometry synthesis (Zhou et al., 2018;
Guérin et al., 2017; Xian et al., 2018). They have also achieved strong performance on image edit-
ing using user sketch or color (Jo & Park, 2019; Liu et al., 2021; Sangkloy et al., 2017). However,
conditional models have to be trained on both original and edited images, thus requiring data collec-
tion and model re-training for new editing tasks. Thus, applying such methods to on-the-�y image
manipulation is still challenging since a new model needs to be trained for each new application.
Unlike conditional GANs, SDEdit only requires training on the original image. As such, it can be
directly applied to various editing tasks at test time as illustrated in Fig. 1.

GANs inversion and editing. Another mainstream approach to image editing involves GAN in-
version (Zhu et al., 2016; Brock et al., 2017), where the input is �rst projected into the latent space
of an unconditional GAN before synthesizing a new image from the modi�ed latent code. Sev-
eral methods have been proposed in this direction, including �ne-tuning network weights for each
image (Bau et al., 2019a; Pan et al., 2020; Roich et al., 2021), choosing better or multiple layers
to project and edit (Abdal et al., 2019; 2020; Gu et al., 2020; Wu et al., 2021), designing better
encoders (Richardson et al., 2021; Tov et al., 2021), modeling image corruption and transforma-
tions (Anirudh et al., 2020; Huh et al., 2020), and discovering meaningful latent directions (Shen
et al., 2020; Goetschalckx et al., 2019; Jahanian et al., 2020; Härkönen et al., 2020). However, these
methods need to de�ne different loss functions for different tasks. They also require GAN inversion,
which can be inef�cient and inaccurate for various datasets (Huh et al., 2020; Karras et al., 2020b;
Bau et al., 2019b; Xu et al., 2021).

Other generative models. Recent advances in training non-normalized probabilistic models, such
as score-based generative models (Song & Ermon, 2019; 2020; Song et al., 2021; Ho et al., 2020;
Song et al., 2020; Jolicoeur-Martineau et al., 2021) and energy-based models (Ackley et al., 1985;
Gao et al., 2017; Du & Mordatch, 2019; Xie et al., 2018; 2016; Song & Kingma, 2021), have
achieved comparable image sample quality as GANs. However, most of the prior works in this
direction have focused on unconditional image generation and density estimation, and state-of-the-
art techniques for image editing and synthesis are still dominated by GAN-based methods. In this
work, we focus on the recently emerged generative modeling with stochastic differential equations
(SDE), and study its application to controllable image editing and synthesis tasks. A concurrent
work (Choi et al., 2021) performs conditional image synthesis with diffusion models, where the
conditions can be represented as the known function of the underlying true image.
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Figure 5: SDEdit can generate realistic, faithful and diverse images for a given stroke input drawn
by human.

5 EXPERIMENTS

In this section, we show that SDEdit is able to outperform state-of-the-art GAN-based models on
stroke-based image synthesis and editing as well as image compositing. Both SDEdit and the base-
lines use publicly available pre-trained checkpoints. Based on the availability of open-sourced SDE
checkpoints, we use VP-SDE for experiments on LSUN datasets, and VE-SDE for experiments on
CelebA-HQ.

Baselines Faithfulness score (L 2) # SDEdit is more realistic (MTurk)" SDEdit is more satisfactory (Mturk)"

In-domain GAN-1 101.18 94.96% 89.48%
In-domain GAN-2 57.11 97.87% 89.51%
StyleGAN2-ADA 68.12 98.09% 91.72%
e4e 53.76 80.34% 75.43%
SDEdit 32.55 – –

Table 1: SDEdit outperforms all the GAN baselines on stroke-based generation on LSUN (bed-
room). The input strokes are created by human users. The rightmost two columns stand for the
percentage of MTurk workers that prefer SDEdit to the baseline for pairwise comparison.

Evaluation metrics. We evaluate the editing results based onrealismandfaithfulness. To quan-
tify realism, we use Kernel Inception Score (KID) between the generated images and the target
realistic image dataset (details in Appendix D.2), and pairwise human evaluation between different
approaches with Amazon Mechanical Turk (MTurk). To quantifyfaithfulness, we report theL 2
distance summed over all pixels between the guide and the edited output image normalized to [0,1].
We also consider LPIPS (Zhang et al., 2018) and MTurk human evaluation for certain experiments.
To quantify the overall human satisfaction score (realism+ faithfulness), we leverage MTurk human
evaluation to perform pairwise comparsion between the baselines and SDEdit (see Appendix F).

5.1 STROKE-BASED IMAGE SYNTHESIS

Given an input stroke painting, our goal is to generate arealistic andfaithful imagewhen no paired
data is available. We consider stroke painting guides created by human users (see Fig. 5). At the
same time, we also propose an algorithm to automatically simulate user stroke paintings based on
a source image (see Fig. 4), allowing us to perform large scale quantitative evaluations for SDEdit.
We provide more details in Appendix D.2.

Baselines. For comparison, we choose three state-of-the-art GAN-based image editing and synthe-
sis methods as our baselines. Our �rst baseline is the image projection method used in StyleGAN2-
ADA1 (Karras et al., 2020a), where inversion is done in theW + space of StyleGANs by minimizing
the perceptual loss. Our second baseline is in-domain GAN2 (Zhu et al., 2020a), where inversion
is accomplished by running optimization steps on top of an encoder. Speci�cally, we consider two
versions of the in-domain GAN inversion techniques: the �rst one (denoted as In-domain GAN-1)

1https://github.com/NVlabs/stylegan2-ada
2https://github.com/genforce/idinvert_pytorch
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Figure 6: Stroke-based image editing with SDEdit on LSUN bedroom, CelebA-HQ, and LSUN
church datasets. For comparison, we show the results of GAN baselines, where results for LSUN
bedroom and CelebA-HQ are obtained by in-domain GAN (the leftmost 5 panels), and results for
LSUN church are from StyleGAN2-ADA (the rightmost 3 panels). We observe that SDEdit is able
to produce more faithful and realistic editing compared to the baselines.

only uses the encoder to maximize the inversion speed, whereas the second (denoted as In-domain
GAN-2) runs additional optimization steps to maximize the inversion accuracy. Our third baseline is
e4e3 (Tov et al., 2021), whose encoder objective is explicitly designed to balance between perceptual
quality and editability by encouraging to invert images close toW space of a pretrained StyleGAN
model.

Methods LSUN Bedroom LSUN Church
L 2 # KID # L 2 # KID #

In-domain GAN-1 105.23 0.1147 - -
In-domain GAN-2 76.11 0.2070 - -
StyleGAN2-ADA 74.03 0.1750 72.41 0.1544
e4e 52.40 0.0464 68.53 0.0354
SDEdit (ours) 36.76 0.0030 37.67 0.0156

Table 2: SDEdit outperforms all the GAN base-
lines on both faithfulness and realism for stroke-
based image generation. The input strokes are
generated with the stroke-simulation algorithm.
KID is computed using the generated images
and the corresponding validation sets (see Ap-
pendix D.2).

Results. We present qualitative comparison
results in Fig. 4. We observe that all base-
lines struggle to generate realistic images based
on stroke painting inputs whereas SDEdit suc-
cessfully generates realistic images that pre-
serve semantics of the input stroke painting.
As shown in Fig. 5, SDEdit can also syn-
thesize diverse images for the same input.
We present quantitative comparison results us-
ing user-created stroke guides in Table 1 and
algorithm-simulated stroke guides in Table 2.
We report theL 2 distance for faithfulness com-
parison, and leverage MTurk (see Appendix F)
or KID scores for realism comparison. To quan-
tify the overall human satisfaction score (faith-
fulness + realism), we ask a different set of
MTurk workers to perform another 3000 pair-
wise comparisons between the baselines and SDEdit based onboth faithfulnessandrealism. We
observe that SDEdit outperforms GAN baselines on all the evaluation metrics, beating the baselines
by more than80% on realism scores and75% on overall satisfaction scores. We provide more
experimental details in Appendix C and more results in Appendix E.

5.2 FLEXIBLE IMAGE EDITING

In this section, we show that SDEdit is able to outperform existing GAN-based models on image
editing tasks. We focus on LSUN (bedroom, church) and CelebA-HQ datasets, and provide more
details on the experimental setup in the Appendix D.

Stroke-based image editing. Given an image with stroke edits, we want to generate a realistic
and faithful image based on the user edit. We consider the same GAN-based baselines (Zhu et al.,
2020a; Karras et al., 2020a; Tov et al., 2021) as our previous experiment. As shown in Fig. 6,

3https://github.com/omertov/encoder4editing
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Figure 7: SDEdit is able to achieve realistic while more faithful editing results compared to tradi-
tional blending and recent GAN-based approaches for image compositing on CelebA-HQ. Quanti-
tative results are reported in Table 3.

Methods L 2 # SDEdit more realistic SDEdit more satisfactory LPIPS
(faithfulness) (Mturk)" (Mturk) " (masked)#

Laplacian Blending 68.45 75.27% 83.73% 0.09
Poisson Blending 63.04 75.60% 82.18% 0.05
In-domain GAN 36.67 53.08% 73.53% 0.23
StyleGAN2-ADA 69.38 74.12% 83.43% 0.21
e4e 53.90 43.67% 66.00% 0.33
SDEdit (ours) 21.70 – – 0.03

Table 3: Image compositing experiments on CelebA-HQ. The middle two columns indicate the per-
centage of MTurk workers that prefer SDEdit. We also report the masked LPIPS distance between
edited and unchanged images to quantify undesired changes outside the masks. We observe that
SDEdit is able to achieve realistic editing while being more faithful than the baselines, beating the
baseline by up to83.73%on overall satisfaction score by human evaluators.

results generated by the baselines tend to introduce undesired modi�cations, occasionally making
the region outside the stroke blurry. In contrast, SDEdit generates image edits that areboth realistic
andfaithful to the input, while avoiding making undesired modi�cations. We provide extra results
in Appendix E.

Image compositing. We focus on compositing images on the CelebA-HQ dataset (Karras et al.,
2017). Given an image randomly sampled from the dataset, we ask users to specify how they want
the edited image to look like using pixel patches copied from other reference images as well as the
pixels they want to perform modi�cations (see Fig. 7). We compare our method with traditional
blending algorithms (Burt & Adelson, 1987; Pérez et al., 2003) and the same GAN baselines con-
sidered previously. We perform qualitative comparison in Fig. 7. For quantitative comparison, we
report theL 2 distance to quantify faithfulness. To quantify realism, we ask MTurk workers to per-
form 1500 pairwise comparisons between the baselines and SDEdit. To quantify user satisfaction
score (faithfulness + realism), we ask different workers to perform another 1500 pairwise compar-
isons against SDEdit. To quantify undesired changes (e.g. change of identity), we follow Bau et al.
(2020) to compute masked LPIPS (Zhang et al., 2018). As evidenced in Table 3, we observe that
SDEdit is able to generate both faithful and realistic images with much better LPIPS scores than the
baselines, outperforming the baselines by up to83.73% on overall satisfaction score and75.60%
on realism. Although our realism score is marginally lower than e4e, images generated by SDEdit
are more faithful and more satisfying overall. We present more experiment details in Appendix D.

6 CONCLUSION

We propose Stochastic Differential Editing (SDEdit), a guided image editing and synthesis method
via generative modeling of images with stochastic differential equations (SDEs) allowing for bal-
anced realism and faithfulness. Unlike image editing techniques via GAN inversion, our method
does not require task-speci�c optimization algorithms for reconstructing inputs, and is particularly
suitable for datasets or tasks where GAN inversion losses are hard to design or optimize. Unlike
conditional GANs, our method does not require collecting new datasets for the “guide” images or
re-training models, both of which could be expensive or time-consuming. We demonstrate that
SDEdit outperforms existing GAN-based methods on a variety of image synthesis and editing tasks.
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ETHICS STATEMENT

In this work, we propose SDEdit, which is a new image synthesis and editing methods based on
generative stochastic differential equations (SDEs). In our experiments, all the considered datasets
are open-sourced and publicly available, being used under permission. Similar to commonly seen
deep-learning based image synthesis and editing algorithms, our method has both positive and nega-
tive societal impacts depending on the applications and usages. On the positive side, SDEdit enables
everyday users with or without artistic expertise to create and edit photo-realistic images with min-
imum effort, lowering the barrier to entry for visual content creation. On the other hand, SDEdit
can be used to generate high-quality edited images that are hard to be distinguished from real ones
by humans, which could be used in malicious ways to deceive humans and spread misinformation.
Similar to commonly seen deep-learning models (such as GAN-based methods for face-editing),
SDEdit might be exploited by malicious users with potential negative impacts. In our code release,
we will explicitly specify allowable uses of our system with appropriate licenses.

We also notice that forensic methods for detecting fake machine-generated images mostly focus on
distinguishing samples generated by GAN-based approaches. Due to the different underlying nature
between GANs and generative SDEs, we observe that state-of-the-art approaches for detecting fake
images generated by GANs (Wang et al., 2020) struggle to distinguish fake samples generated by
SDE-based models. For instance, on the LSUN bedroom dataset, it only successfully detects less
than3% of SDEdit-generated images whereas being able to distinguish up to93%on GAN-based
generation. Based on these observations, we believe developing forensic methods for SDE-based
models is also critical as SDE-based methods become more prevalent.

For human evaluation experiments, we leveraged Amazon Mechanical Turk (MTurk). For each
worker, the evaluation HIT contains 15 pairwise comparison questions for comparing edited images.
The reward per task is kept as 0.2$. Since each task takes around 1 minute, the wage is around
12$ per hour. We provide more details on Human evaluation experiments in Appendix F. We also
note that the bias of human evaluators (MTurk workers) and the bias of users (through the input
“guidance”) could potentially affect the evaluation metrics and results used to track the progress
towards guided image synthesis and editing.

REPRODUCIBILITY STATEMENT

1. Our code is released athttps://github.com/ermongroup/SDEdit .

2. We use open source datasets and SDE checkpoints on the corresponding datasets. We did
not train any SDE models.

3. Proofs are provided in Appendix A.

4. Extra details on SDEdit and pseudocode are provided in Appendix C.

5. Details on experimental settings are provided in Appendix D.

6. Extra experimental results are provided in Appendix E.

7. Details on human evaluation are provided in Appendix F.
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A PROOFS

Proposition 1. Assume thatks� (x ; t)k2
2 � C for all x 2 X andt 2 [0; 1]. Then for all� 2 (0; 1)
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From the assumption overs� (x ; t; � ), the �rst term is not greater than
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where equality could only happen when each score output has a squaredL 2 norm ofC and they are
linearly dependent to one other. The second term is independent to the �rst term as it only concerns
random noise; this is equal to the squaredL 2 norm of a random variable from a Wiener process
at timet = 0 , with marginal distribution being� � N (0; � 2(t0)I ) (this marginal does not depend
on the discretization steps in Euler-Maruyama). The squaredL 2 norm of � divided by� 2(t0) is a
� 2-distribution withd-degrees of freedom. From Laurent & Massart (2000), Lemma 1, we have the
following one-sided tail bound:

Pr(k� k2
2 =� 2(t0) � d + 2

p
d � � log � � 2 log� ) � exp(log� ) = �: (9)

Therefore, with probability at least(1 � � ), we have that:





 x (g) (t0) � x (g) (0)
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2
� � 2(t0)(C� 2(t0) + d + 2

p
� d � log � � 2 log� ); (10)

completing the proof.

B EXTRA ABLATION STUDIES

In this section, we perform extra ablation studies and analysis for SDEdit.

B.1 ANALYSIS ON THE QUALITY OF USER GUIDE

As discussed in Section 3, if the guide is far from any realistic images (e.g., random noise or has an
unreasonable composition) , then we must tolerate at least a certain level of deviation from the guide
(non-faithfulness) in order to produce a realistic image.

For practical applications, we perform extra ablation studies on how the quality of guided stroke
would affect the results in Fig. 8, Fig. 9 and Table 4. Speci�cally, in Fig. 8 we consider stroke
input of 1) a human face with limited detail for a CelebA-HQ model, 2) a human face with spikes
for a CelebA-HQ model, 3) a building with limited detail for a LSUN-church model, 4) a horse
for a LSUN-church model. We observe that SDEdit is in general tolerant to different kinds of
user inputs. In Table 4, we quantitatively analyze the effect of user guide quality using simulated
stroke paintings as input. Described in Appendix D.2, the human-stroke-simulation algorithm uses
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different numbers of colors to generate stroke guides with different levels of detail. We compare
SDEdit with baselines qualitatively in Fig. 9 and quantitatively in Table 4. Similarly, we observe
that SDEdit has a high tolerance to input guides and consistently outperforms the baselines across
all setups in this experiment.

Figure 8: Analysis on the quality of user guide for stoke-based image synthesis. We observe that
SDEdit is in general tolerant to different kinds of user inputs.

Figure 9: Analysis on the quality of user guide for stoke-based image synthesis. We observe that
SDEdit is in general tolerant to different kinds of user inputs.
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# of colors StyleGAN2-ADA e4e SDEdit (Ours)

KID # L 2 # KID # L 2 # KID # L 2 #

3 0.1588 67.22 0.0379 70.730.0233 36.00
6 0.1544 72.41 0.0354 68.530.0156 37.67
16 0.0923 69.52 0.0319 68.200.0135 37.70
30 0.0911 67.11 0.0304 68.660.0128 37.42
50 0.0922 65.28 0.0307 68.800.0126 37.40

Table 4: We compare SDEdit with baselines quantitatively on LSUN-church dataset on stroke-
based generation. “# of colors” denotes the number of colors used to generate the synthetic stroke
paintings, with fewer colors corresponding to a less accurate and less detailed input guide (see
Fig. 9). We observe that SDEdit consistently achieves more realistic and more faithful outputs and
outperforms the baselines across all setups.

B.2 FLEXIBLE IMAGE EDITING WITH SDEDIT

In this section, we perform extra image editing experiments including editing closing eyes Fig. 10,
opening mouth, and changing lip color Fig. 11. We observe that SDEdit can still achieve reasonable
editing results, which shows that SDEdit is capable of �exible image editing tasks.

Figure 10: Flexible image editing on closing eyes with SDEdit.

Figure 11: Flexible image editing on mouth with SDEdit.

B.3 ANALYSIS ON t0

In this section, we provide extra analysis on the effect oft0 (see Fig. 12). As illustrated in Fig. 3,
we can tunet0 to tradeoff between faithfulness and realism—with a smallert0 corresponding to a
more faithful but less realistic generated image. If we want to keep the brown stroke in Fig. 12, we
can reducet0 to increase its faithfulness which could potentially decrease its realism. Additional
analysis can be found in Appendix D.2.
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Figure 12: Extra analysis ont0. As t0 increases, the generated images become more realistic while
less faithful.

B.4 EXTRA COMPARISON WITH OTHER BASELINES

We perform extra comparison with SC-FEGAN (Jo & Park, 2019) in Fig. 13. We observe that
SDEdit is able to have more realistic results than SC-FEGAN (Jo & Park, 2019) when using the
same stroke input guide. We also present results for SC-FEGAN (Jo & Park, 2019) where we use
extra sketch together with stroke as the input guide (see Fig. 14). We observe that SDEdit is still
able to outperform SC-FEGAN in terms of realism even when SC-FEGAN is using both sketch and
stroke as the input guide.

Figure 13: Comparison with SC-FEGAN (Jo & Park, 2019) on stroke-based image synthesis and
editing. We observe that SDEdit is able to generate more realistic results than SC-FEGAN.

Figure 14: Stroke-based editing for SC-FEGAN (Jo & Park, 2019) using both stroke and extra sketch
as the input guide. We observe that SDEdit still outperforms SC-FEGAN using only stroke as the
input guide.

B.5 COMPARISON WITH SONG ET AL. (2021)

Methods proposed by Song et al. (2021) introduce an extra noise-conditioned classi�er for condi-
tional generation and the performance of the classi�er is critical to the conditional generation perfor-
mance. Their settings are more similar to regular inverse problems where the measurement function
is known, which is discussed in Section 3. Since we do not have a known “measurement” function
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