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Abstract

Image inpainting refers to the task of generat-
ing a complete, natural image based on a par-
tially revealed reference image. Recently, many
research interests have been focused on address-
ing this problem using xed diffusion models.
These approaches typically directly replace the
revealed region of the intermediate or nal gen-
erated images with that of the reference image
or its variants. However, since the unrevealed re-
gions are not directly modi ed to match the con-
text, it results inincoherencebetween revealed
and unrevealed regions. To address the incoher-
ence problem, a small number of methods intro-
duce a rigorous Bayesian framework, but they
tend to introduce mismatches between the gen-
erated and the reference images due to the ap-
proximation errors in computing the posterior dis-
tributions. In this paper, we proposed@aINT,
which can coherently inpaint the whole image
without introducing mismatches.dPAINT also
uses the Bayesian framework to jointly modify
both revealed and unrevealed regions, but ap-
proximates the posterior distribution in a way
that allows the errors to gradually drop to zero
throughout the denoising steps, thus strongly pe-
nalizing any mismatches with the reference im-
age. Our experiments verify thatoPAINT can
outperform the existing diffusion-based meth-
ods under both objective and subjective metrics.
The codes are available fattps://github.
com/UCSB-NLP-Chang/CoPaint/
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Figure 1.Inpainted images by BENDED (b), DDRM (c) and our
proposed method @PAINT-TT (d). Image are generated condi-
tioned on the given masked input (a) with a xed diffusion model.

image. In recent years, researchers have increasingly fo-
cused on using diffusion models, a class of generative mod-
els that convert noise images into natural images through a
series of denoising steps, to solve this problem. One popular
approach is to use a xed, generic diffusion model that has
been pre-trained for image generation. This eliminates the
need for retraining the diffusion model, making the process
more ef cient and versatile.

However, despite their promising performance, such meth-
ods are susceptible to tircoherence problentSpeci cally,
these methods often impose the inpainting constraints based
on some form of replacement operatioasy, directly re-
placing the revealed portion of the predicted image with that
of the reference imagé&\(ang et al, 2022, or replacing the
revealed portion of the intermediate denoising results with a
corrupted version of the reference imagagr@hami et al.
2021, Lugmayr et al,2022. Yet the pixels of the unrevealed
region, which should also be modi ed to match the context
of the revealed region, are not directly modi edrippe

et al, 2029. As a result, these methods can easily lead
to discontinuity or incoherence between the revealed and
unrevealed regions in the generated images. For example,

Figurel shows some incoherent inpainting results of a half-
masked portrait image. The result in (b) has unmatched hair
Image inpainting refers to the problem of generating a natueolors and styles between the left and right halves, and the

ral, complete image based on a partially revealed referencesult in (c) has a clear discontinuity in the middle resulting
from different skin tones.

1. Introduction
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differs from the prior distribution in both the revealed and inpainting, these methods are primarily based on supervised
unrevealed pixels, these methods can ensure that the entigarning,i.e., the networks require to be trained on speci ¢
image is coherently modi ed. However, since the posteriordegradation types. As a result, these approaches require
distribution is often very hard to compute, these methodsarge computational resources and may not be well-suited
would resort to approximations or Monte Carlo methodsfor scenarios that were not encountered during training, lead-
which would introduce errors in satisfying the inpainting ing to poor generalization performancéidng et al, 2022).
constraints. In short, it remains an unresolved problenMore recently, diffusion model-based approaches are gain-
how to ensure coherence during generation while strictlyng increasing popularity due to their exceptional results
enforcing inpainting constraints. in image generationSphl-Dickstein et a).2015 Ho et al,

202Q Yang et al, 2022 Bond-Taylor et al.2022; Chung

In this paper, we proposedPAINT, a simple inpainting %t al, 2022h Batzolis et al. 2022 Bansal et a].2022 Liu
gtal K .

algorithm that addresses the incoherence problem witho I al. 2022 Ku et al, 2022 Benton et al.2022 Horwitz

violating the inpainting constraints.dPAINT also adopts & Hoshen 2022 Horita et al, 2022 Li et al, 2022. Be-

the Baye§|an framework to cohgrently modify the entire Im_sides, these methods enjoy the advantage of being able to
ages but introduces a new solution to address the challengés

in computing and sampling from the posterior distribution perform inpainting without the need for degradation-speci ¢

. : . .~ “training (Song & Ermon 20193. In this section, we will
Speci cally, CoPAINT derives an approximated posterior =~ . . e S
review the current literature on diffusion-based inpainting.

distribution for the intermediate images, whose maximumThese methods can broadly be divided into two categories:
a posteriori (MAP) samples become equivalent to directly '

minimizing the errors in the inpainting constraint, referredsuDerV'sed and unsupervised meth (ar etal, 2023,

to as thenpainting errors To make the computation of the Sypervised diffusion inpainting Supervised diffusion in-
inpainting errors tractable at each intermediate denoisingainting approaches involve training a diffusion model for
step, we use the one-step estimation of the nal generateghe speci c task of inpainting, taking into account the par-
image instead of directly computing the nal generation.ticular degradation types APETTE (Saharia et a)20213b)
Although this would introduce further approximation errors, feeds the degraded image to the diffusion model at each time
we can show that the errors would gradually decrease as thep of the diffusion process for training a diffusion inpaint-
denoising process proceeds. Notably, at the nal step, aling model. Similar methods are also used ki (Nichol

the approximation errors can be made zero. etal, 2021), where a text-conditional diffusion model is ne-
tuned for the inpainting task. ATENT DIFFUSION (Rom-

Our experimental evaluations oiCelebA-HQ and ¢ X
ImageNet with various shapes of the revealed region verPach et al.2021) incorporates an autoencoding model for

ify that COPAINT has better inpainting quality and coher- COmpressing the image space, and then the spatially aligned
ence than existing diffusion-model-based approaches und&pnditioning information is concatenated with the input of
both objective and subjective metrics. For example; C the model. By contrast, €br (Chung et al.202]) adopts
PAINT achieves an average of 19% relative reduction i "ON-€xpansive mapping for aggregating the degradation
LPIPS compared to RPAINT (Lugmayr et al, 2022, our ~ ©Peration during training. A “predict-and-re ne” condi-

most competitive baseline, while consuming 31% less corrional diffusion model is proposed hyhang et al(2023),
putation budget ofmageNet dataset. where a diffusion model is trained to re ne the output of

a deterministic predictor. However, all these methods re-
2. Related Work quire degradation-speci ¢ training, which could be compu-

L . o tationally expensive and may not generalize well to unseen
Image inpainting is a long-lasting research question in COMgegradation operators

puter vision, aiming at completing a degraded image natu-

rally and coherentlyXiang et al, 2022 Shah et a].2022.  Unsupervised diffusion inpainting Different from super-

In recent years, various deep learning techniques have beeised methods, unsupervised diffusion inpainting aims at
suggested for the task of inpaintinB€ddy et al.2022,  utilizing pre-trained diffusion models for the inpainting task
with a majority of them built upon auto-encodé?athak  without any model modi cation. Our proposed method also
et al, 2016 Vo et al, 2018 Liu et al,, 2018 lizuka et al,  falls into this category. As an early worBong & Ermon
2017 Song et al.2018 Guo et al, 2019 Xiao et al, 2018 (20194 proposes to modify the DDPM sampling process by
Hong et al, 2019 Nazeri et al. 2019 Liu et al, 2020, spatially blending the noisy version of the degraded image
VAE (Zheng et al.2019 Zhao et al. 2020 202L Peng in each time step of the denoising process. A similar idea
et al, 2021), GAN (Pathak et a).2016 Vo et al, 2018 Liu is adopted by BENDEDDIFFUSION for text-driven inpaint-

et al, 2018 lizuka et al, 2017 Song et al.2018 Guo etal,  ing (Avrahami et al. 2021). DDRM (Kawar et al, 2022
2019 Xiao et al, 2018 Hong et al, 2019 Weng et al.2022 de nes a new posterior diffusion process whose marginal
or auto-regressive transformefu(et al, 2021, Wan et al,  probability is proved to be consistent with DDPM( et al,
202]) structures. Despite achieving notable successes i020. Roughly speaking, the proposed denoising process

2
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is equivalent to blending the degraded image in a weightedhe denoising diffusion probabilistic models (DDPMBi(

sum manner in each time step. Despite the high ef ciency ofet al, 2020 Sohl-Dickstein et a).2015, which is a Markov
these methods, the images generated by the simple blendingrocess that progressively adds Gaussian noises to the inter-
based methods are often not harmonizing in the recovereahediate variables,e.,

part CLugmayr et al.2022).

Y
To address the issue, the authors &PRINT (Lugmayr AX 17iX 0) = - AX X ) @)

et al, 2022 proposed a resampling strategy. Speci cally, a q(X X 1)= N (XI.P X 1)
“time travel” operation is introduced, where images from the ' ' '
currentt time step are rst blended with the noisy version of Where 1.t and 1.+ de ne the scaling and variance schedule
the degraded image, and then used to generate images in thh « =1 «. It can be easily shown that, with an
t + 1 time step using a one-step forward process, thereby ré@Ppropriate scaling and variance schedule and a suf ciently
ducing the visual inconsistency caused by blendifippe ~ 1argeT, X r approaches the standard Gaussian distribution.

et al. (2022 further proves that a simple blending-basedroy the reverse diffusion process, DDIMs introduce another
method would introduce irreducible approximation error in gistributionq |, called the inference distribution, that has a

the generation process. A particle ltering-based methodmatching conditional distribution of each individual inter-
named RESAMPLING, is then proposed, where for time step megiate variable tq. Speci cally

t, each generated image is resampled based on its probabil- v
ity of geqeratmg the revealed part of the de.graQed imagein o (x.,1iXo)= q (X1jXo) q (Xt 1jX ;X 0);
thet 1time step.Pokle et al(2022 look at diffusion mod- =T

elsin a deep eqqilibriqm (DEQ) perspective and propose a q (X1iXo)= N(Xr; P X0 1)) )
DEQ method for inverting DDIM to save memory consump- N _ L2y,

tion. DDNM (Wang et al. 2022 introduces a new blending a (Xt %X 6X0) = N(Xe a6 i)

mechanism, where the degraded image is directly incorpavhere = ~!_ ; and ?is a free hyperparameter, and
rated in each time step without noise. Another recent work D 49—, p X
DpPs(Chung et al.20223 addresses the inpainting problem t= ¢t 1Xot+t 1 Eﬁeli: (3)
via approximation of the posterior sampling in a similar '
manner with classi er-free guided diffusiomdbariwal &  |tcan be shownthataslong a2 [0;1  ];8t. q andq

Nichol, 20213. Speci cally, they use the approximated gra- have matching distributions; (X (jX o) = q(X jX o); 8t.
dient of the posterior likelihood as a mean shift for imagesrhe denoising process is derived framby replacingX o
generated at each time step of the denoising process. Diffgith an estimated value of o, i.e.,

ent from these methods, we introduce a Bayesian framework (X1)= N(XT:0:1)

to jointly modify both revealed and unrevealed parts of im- pAAT T
ages by maximizing the posterior in each time step along P (Xt 1jX0)= q (X 1jX ;X §);
the denoising process and thus enjoying better coherengghere

for the inpainted part. X = Oxy) (5)

) is produced by a (reparameterized) neural network that pre-
3. Background and Notations dictsX o from X ; by minimizing the mean squared error.

In this section, we will provide a brief overview of the Equation5 provides a way of estimating the nal generation
diffusion model frameworks and notations that will be usedas a deterministic function of;. In particularf ) (x=) is

in this paper. Note that we will only cover just enough generated by feeding to the inference network once, and thus
details for the purpose of explaining our proposed approacltan be regarded as a compute-ef cient approximation of the
We would recommend readers refer to the original papersal generation. We will refer to it agne-step generation
cited for complete details and derivations. As shown in Figure? , the gap betweeh (x7;) and x>
typically gets smaller asgets smaller. As we will show,
one-step generation is central to our algorithm because it
permits direct control over the nal generation through the
intermediate variables.

4)

DenoteX ( as a random vector of the natural images (vec
torized). DDIMs Song et al. 2020 try to recover the
distribution ofX ( through a set of intermediate variables,
e.g., X 1.7, which are progressively corrupted versions of
X o. There are two processes in a DDIM frameworkoia ;
ward diffusion processvhich de nes howX ¢ is corrupted 4. The CoPAINT Algorithm
into X 1, and areverse denoising processhich governs  4.1. Problem Formulation

how to recoveiX o from X + based on the forward process. ) L .
The image inpainting problem aims to generate a natural,

The forward diffusion process of DDIMs follows that of complete image given a partially revealed image, such that

3
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the probability density function af(X ) evaluated aso,
0.6 1 H conditional on the value okr. SinceX'r is given and
§ o = X is a deterministic function oft,p r(Xo)= so Xt
B becomes a dirac delta functiof), with in nity probability
S 041 density at where the event holds, and zero density elsewhere.
§ i3 The dirac delta function can be approximated by a Gaussian
'§ density function with zero variance. Therefore, Equafipn
s e ﬂ ﬁ @ after taking the logarithm, can be approximated as
X y
0.1 .
* @ logp (X7iC)
° AR e 3
0oL, - - - - : ooz L F(X0) 2+ C
250 200 150 100 50 0 SRATR2 ﬁ So (X0) , (8)
Timestep 1 1 ,
“kXtki 5 so r(g (XT)) o+ C;
2 22 2

Figure 2.The trajectory of the gap betweéﬁt)(xn) and X o

along the unconditional diffusion denoising process. We report thavhere we denot& = g (X'r) to emphasiz&, is a func-

pixel-wise averaged Euclidean distance between the two. tion of X't ; C is the normalizing constant; is the standard
deviation of the second Gaussian distribution. Wheap-

roaches zero, the approximation in Equat#inecomes

the generated image is identical to the given image in th%xact. In practice,r can be set to a very small value.

revealed regions. Formally, denotg) as an operator that

outputs a revealed subset of the input dimensionssand Equation8 provides a justi cation for solving<'r using op-

as the revealed portion of the given reference image. Thetimization method, because the rst term can be regarded as
the goal of image inpainting is to generate a natural image prior regularization and the second term as a penalty term

under the following inpainting constraint enforcing the inpainting constraint. One can either perform
gradient ascent ovet't to nd the maximum a posteriori
C:r(Xo) = so; (6)  (MAP) estimate okt , or apply gradient-based sampling

techniques such as Hamiltonian Markov Chain Monte Carlo
MCMC) (Neal 2011). to draw random samples. Note that
e optimization is over the entiber , not just the revealed
regions, so this would ideally resolve the incoherence prob-
As discussed, many existing diffusion-model-based agem in the existing replacement methods. Since the weight
proaches only replace the revealed region of the generateamh the second term is very large, we can expect to solve for
intermediate or nal imagebe.,r (X ) orr(X o), todirectly  anX't that can satisfy the inpainting constraint very well.
impose the inpainting constraint, whereas the generation
of the remaining unrevealed region is not directly modi ed 4.3. One-Step Approximation

to match the context. Thus the resulting generated images

could easily suffer from incoherence between the revealed e key limitation of the aforementioned prototype ap-
and unrevealed regions. In the following, we will explain proach is that it is computationally impractical, because

how we propose to jointly optimize both regions. evaluating the nal generatiog (X t) and computing its
gradient involve performing forward and reverse propaga-

tion through the entire DDIM denoising process, which
typically consists of tens or even hundreds of denoising
We will start with a prototype approach. Consider the simsteps. We thus need to derive a computationally-feasible
plest form of DDIM, where = 0; 8t. In other words, the algorithm from the prototype approach.

denoising process becomes a deterministic process with rR< discussed in Sectid) the one-step generatio™ (1)

Spect toX'y . As a result, the inpainting constraint an offers a fast approximation of the nal generation, so a

St cn oo o ot e S e
painting p g an appropriatee ., ationg with f 7 (x°1).

Xt based on the following posterior distribution:

which we denote as eveqtfor notation brevity. In this
paper, we focus on the scenario where the diffusion modet
is pretrained and xedi.e.,f " is xed for all t.

4.2. A Prototype Approach

Formally, we introduce a approximated conditional dis-
p X1 C/p(Xt) p r(Xo)= so X7 % tribution of r (X70) given X1, denoted ap®(r (X0)jX1),
=p (Xt) r(Xo)=so: which is centered around the one-step generated value,

r(f (X)), plus a Gaussian errare.,
According to Equationg and4, p (X1) is a standard Gaus-

sian distribution. To clarifyp r(Xo) = so Xt denotes P°(r (C0)iXT)= N r(Xo)r(f M) 21 (9)



Towards Coherent Image Inpainting Using Denoising Diffusion Implicit Models

Algorithm 1 COPAINT-TT ¢ 6 0, and apply the optimization technique discussed

1: Input: so, ff ¥ ()gl, , time travel interval and frequency N Sectionsd.2and4.3to all the intermediate variables to
K , gradient descent numbérand leamning raté gl—; successively correct the approximation error.

2: Initialize Xt N (0;1)

Bt T,k K

The proposed DDIM procedure samples+ from the ap-

4- whilet 6 0 do proximate posteriop® (X .7 jC), which is decomposed as
5:  OptimizeX"; to maximize Equation$0 14by G-step gra- 0 o Y o

dient descent with learning rate P (XoTiC)= p (XTiC) p (Xt 1iX; 0 (12)
6. GenerateX; 1 with Equationd t=1
7t t 1 0 i ; i ;

X i n in E ion10. T m
8. iftmod =0andt T then po( TJC.T) .S de ?d quation 10 0 .CO pute .
o it k> 0 then p°(Xt 1jXt;C), we introduce a set of Gaussian approxi-
10 J/ time trave | mated distributions similar to Equati®as
11: G teX™ X+ JX .
e M P XX = N rOCor(F00c); B (19
13: else where ? is de ned similar to Equatiorl1 (replacingT
i‘s‘ri 5 . K with t) to minimize the one-step approximation error. Then
. endl 0 ; .

o endif p°’(X: 1jX;C) can be computed as
17: end while logp’ (Xt 1jX7+;0)

18: Return: X

=log p (Xt 1jX7%¢) +log p° r(Xo) = sojXt 1;Xt + C°
=log p (Xt 1jXt)+log p° r(Xo) = sojXt 1 + C°
where ? is the standard deviation parameter. Plugged in_ I K2 1 oo o 1)
this approximated distribution, the approximate posterioris~ 2 2~ ' * 72 2% *° vl

. +C% 14
log p°(X'7]C) a4)
=log(p (X7))+log p° r(Xo)= so X1 + C° (10) where the third line follows from the reverse Markov prop-
1 ) . ) o erty of the DDIM denoising process. The rstterm in the
= Ek)(”T k5 so r(f/(Xt)) ,+C3 last line follows from Equationg to 4, with

02
2

- = pif (l)(X~ )+ p ﬁxl pr(l)(xl) . (15)
whereC? refers to any normalizing constant, and the last vt ' vt T

line is derived from Equatiog. To generate the nal inpainting result, we follow the follow-

It can be easily shown that in order to minimize the approxiing greedyoptimization procedure to nd samples ®fo.t
mation gapj.e., the KL divergence betwegn (r (X0)jX'r)  that maximizes th@®(Xo.rjC) in Equation12. First, we

andp®(r (X0)jXr), 12 should be set to sample arX’r by optimizing Equatiorl0. Secondgiven
the generated value of;, we sample ax; ; by optimiz-
2= NiEp r(f M) r(Xo) 2 ; (11)  ing Equation1l4. Both steps are essentially enforcing the

approximate inpainting constraints under the DDIM prior
whereN is the dimension of,. Similar to Equatior8, max-  regularization. According to Figur® the one-step approx-
imizing Equationl0overXt is essentially trying to satisfy imation error will gradually reduce asdecreases, so the
the (approximated) inpainting constraint (second term) regalgorithm would approach the inpainting constraint with
ularized by its prior ( rst term). However, in contrast to the increasing levels of exactness, successively correcting the
exact case in Equatiody where 1 should be as small as approximation errors made in the previous steps. In particu-
possible, 2 should be large enough (Equatibh) to capture  lar, whent = 1, if we set ; = 0 and let ; approach zero,
the approximation error, which leads to a smaller weight onwe will have zero approximation errare. f & (X71) = X%,
the approximate inpainting constraint term in Equatin  so the generated image can be made to satisfy the inpainting
constraint with very small errors.
4.4. Denoising Successive Correction

. . . 4.5. Additional Algorithmic Desi
Equation10 will push revealed part of the one-step approxi- tonai Algonthmic Lesigns

mated generatiom,(f (") (x1)), towards the reference im- Although our algorithm can eventually eliminate the one-
ageso. However, the actual inpainting constraint requires usstep approximation error in the nal denoising step, the error
to push the actual nal generation(X o), t0so. As aresult, in the early denoising steps can still affect the generation
optimizing Equatiorl0 cannot exactly satisfy the inpaint- quality because it affects the quality of the prior distribu-
ing constraint. To further enforce the inpainting constrainttion for subsequent generations. We introduce additional
we return to thenon-deterministi®©DIM procedure, where optional designs to reduce the approximation error.
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Multi-Step Approximation In the early denoising steps rics, we conduct a human evaluation on Amazon MTurk,
where the approximation error is more signi cant, we canwhere each subject is presented with a masked reference
replace the one-step approximation with multi-step approxiimage and a pair of inpainted images, one lREINT-TT
mation, wherex', is approximated by going through multi- and the other by one of the baselines. The subject is then
ple deterministic denoising steps at a subset of time stepsasked to select which one is of better quality according to a
set of prespeci ed criteria. We also introduce a third option,

Time Travel To improve the self-consistency of the inter—‘CaDHOt tell the difference’, if the subject cannot nd any
mediate examples, we can apply the time travel techniqugoticeable differences between the pair.

(Lugmayr et al. 2022 Wang et al. 2023, which periodi- \ye perform two tests where different criteria are speci ed.
cally returns to the previous denoising steps by corruptingy, yhe st test, referred to asverall , three criteria are

the intermediate imgges_,. Speci cally, for a set of selecteqqq ced: 1) the inpainted image should be natural and
time steps atdenoisingtime step , instead of progress- i q ¢ artifact: 2) the revealed portion should resemble the
ingtoT 1, werewind totimer  1by samplinganew oference image; and 3) the image should be coherent. In the
X7 1 based omy(X'r 1jXt ), and repeat the denoising ge.onq test, referred to asherence , only the coherence
steps from there. Aftek rounds of rewinding and denois- yitarion is introduced. For both tests, we randomly sample

ing thr_ou_gh steps 1_t(_)T . we then enteK rounds  gq images for every mask i@elebA-HQ andimageNet
of rewinding and denoising loop through stéps 110 andthus resulti® 2 7 50 = 1400 image pairs for

T 2. This process progresses until time zero is reached,ynarison, In each comparison with one baseline, we use
The algorithm of @PAINT with time travel, abbreviated as the vote difference (%) which is the percentage
COPAINT-TT, is shown in Algorithr. of the votes for @PAINT-TT subtracted by that for the

: baseline, as the metric for the relative inpainting quality
5. Experiments compared to the baseline. More details about the human
5.1. Experiment Setup evaluation design could be seen in Apperdlig.

Datasets and models Following Lugmayr et al(2022,

we validate our method on two commonly used im-gaselines and implementation details We focus on com-
age datasets: CelebA-HQ (Liu et al, 2014 and  parison with diffusion-model-based methods, which have
ImageNet-1K  (Russakovsky et gl2015. CelebA-HQ  peen shown to achieve state-of-the-art performance over
contains more than 200K celebrity images, and we use thgyethods that do not use diffusion modelsigmayr et al,
data split provided bysuvorov et al(2022) following Lug- 2022, Speci cally, the following baselines are introduced:
mayr et al(2022). ImageNet-1K is a large-scale image B EnpED (Song & Ermon 2019a Avrahami et al, 2021),
dataset containing 1000 categories, and the original datgprm (Kawar et al, 2022, RESAMPLING (Trippe et al,
splitis used Russakovsky et al2013. Since notallim- 2022, RePAINT (Lugmayr et al, 2029, Dps(Chung et al.
ages in the datasets are square-shaped images that diffusigh223, and Donm (Wang et al.2022). A brief introduction

models accept, we crop all images i286 256size to ac-  gpout these baselines could be found in Secion
commodate pretrained diffusion models. E#lebA-HQ

dataset, we use the diffusion model pretrainedogmayr ~ FOr all methods, we set the number of reverse sampling
et al.(2022. ForimageNet , we use the model pretrained St€Ps as 250 if not speci ed otherwise. FOERRINT, we

by Dhariwal & Nichol (20211). We use the rst ve images USe their released co&ewt—'of—the.—shelf with exactly the

in the validation set for hyperparameter selection. The rstS@Me setting as reported in their papendmayr et al.

100 images in test sets are used for evaluation following?029. We then implement all other methods based on
Lugmayr et al(2029). Following Lugmayr et al(2022); the REPAINT code base apd keep all hyper_—parameters the
Wang et al(2022); Suvorov et al(2022), we consider seven Same as the correspon.dlng papers, deta|l_s could be seen
different degradation masks on the original images for rel? AppendixA.2. Speci cally, we set gradient descent
covering: Expand Half, Altern, S.R, Narrow, Wide and ~ Step numbeg = 2 for both COPAINT and QOPAINT-TT.

Texts Examples of the degraded images are in Figure A time-ef cient version of our method, GPAINT-FAST
is further introduced withG = 1 and reverse sampling

Metrics We evaluate the quality of the inpainting results  4jith the released code of ERAINT in shorturl.at/

using bothobjectiveandsubjectivemetrics. For the objec- AHILU and the matching con gurations, we noticed there is a
tive metric, we adopt thePIPS used in Lugmayr et al.  slight gap between our implemented results and the reported ones
(2022, which computes the similarity of two images in the in Lugmayr et al(2022. Nevertheless, we believe our compari-

. son with REPAINT is fair because our methods were implemented
feature space of AlexNeK(izhevsky, 2014). For each ref- based on the same code base, so any con guration nuances that

erence image, we generate two inpainted images and th@n account for the gap are likely to affect the performance of our
overall averag& PIPS is reported. For the subjective met- methods in the same direction.
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Table 1.Quantitative results o€elebA-HQ (top) andimageNet (botton). We report the objective metricPIPS and subjective
humanvote difference score of each baseline compared with our metho®ANT-TT. Lower is better for both metrics. Thete
differencescores are calculated as the vote percentageo®R@GIT-TT minus vote percentage of certain baseline. We report the results of
two human tests,e, overall andcoherence ,intheVote(%) column separated by, whereoverall is based on naturalness,

restoration quality and coherence, whilgherence is only based coherence of the generated imagete difference score
being lower than zero indicates certain baseline is better than our metbieel \r-TT. Numbers marked in blue are additional results.
CelebA-HQ
Method Expand Half Altern S.R. Narrow Wide Text Average
LPIPS# Vote(%) # LPIPS# Vote(%) # LPIPS# Vote(%) # LPIPS# Vote(%) # LPIPS# Vote(%) # LPIPS# Vote(%) # LPIPS# Vote(%) # | LPIPS# Vote(%) #
BLENDED 0.557 82/80 0.228 64/72 0.047 12/30 0.269 78/86 0.078 54/64 0.102 46/58 0.011 18/120.185 51/57
DDRM 0.704 94/98 0.273 86/96 0.151 78184 0.596 100/100 0.140 76/84 0.125 84/62 0.028 38/42.288 79/81
RESAMPLING 0.536 60/66 0.231 68/88 0.050 24/46 0.261 64/72 0.077 50/64 0.102 40/50 0.013-12/8 0.181 42/56
REPAINT 0.496 24/18 0.199 2/12 0.014 -3238 0.041 10/10 0.039 4/10 0.072  -16/-32 0.006 4/-14 0.124 0/6
Dps 0.449 -16/-12 0.261 28/32 0.166 58/72 0.182 60/82 0.160 72/52 0.181 30/28 0.152 58/60 0.222 41/45
DbNm 0.598 76/94 0.257 84/72 0.015 -2/ 0.046 60 0.071 14/38 0.111 28/60 0.014 -12/10 0.158 27/39
COPAINT-FAST 0.483 10/34 0.203 44/20 0.057 10/2 0.084 20/6 0.068 16/10 0.096 20/4 0.036 14/-4 0.147 13/11
COPAINT 0.472 12/20 0.188 40/24 0.016 -6/-4 0.033 22/-4 0.040 20/14 0.071 24/-2 0.007 -12/-4 0.118 15/6
COPAINT-TT 0.464 0/0 0.180 0/0 0.014 0/0 0.028 0/0 0.037 0/0 0.069 0/0 0.006 0/0 0.114 0/0
ImageNet
BLENDED 0.717 39/36 0.366 72/80 0.277 96/92 0.686 94/96 0.161 76/64 0.194 62/60 0.028 8/260.347 64/65
DDRM 0.730 58/44 0.385 78/64 0.439 92/100 0.822 92/100 0.211 84/84 0.231 86/72 0.060 32/40.411 75171
RESAMPLING 0.704 38/40 0.353 58/86 0.259 72188 0.624 94/98 0.151 66/64 0.183 76/66 0.028 22/260.329 61/67
REPAINT 0.706 36/36 0.323 4[24 0.103 50/22 0.209 70/66 0.072 32/2 0.156 24/36 0.014 22/18 0.226 34/29
Dps 0.673 38/44 0.512 82/72 0.474 100/100 0.511 96/95 0.447 94/98 0.468 96/92 0.438 92/96).503 87/86
DDNM 0.805 34/76 0.408 68/64 0.051 12/12 0.107 18/36 0.101 50/70 0.185 48/60 0.012 -2/-20 0.238 33/44
COPAINT-FAST 0.678 14/26 0.335 22/24 0.075 10/6 0.128 36/28 0.103 26/22 0.167 24/32 0.043 6/-2 0.218 15/19
CoPAINT 0.640 -2/8 0.307 6/0 0.041 22/4 0.069 20/18 0.078 24/30 0.138 14/16 0.017 2/-10 0.184 12/9
COPAINT-TT 0.636 0/0 0.294 0/0 0.039 0/0 0.069 0/0 0.074 0/0 0.133 0/0 0.015 0/0 0.180 0/0

step number as 100. We adopt an adaptive learning rat °

as = 0:02" ¢ for all our methods. The rationale for such ¢ o0 M .

a learning rate setting can be seen in Apperfi& For 025 . :
better ef ciency, we simply set? = (1=1:012)" 'instead %, o™ 0 P =
of calculating it, inspired by the empirical observation that ) ®] =

f gis increasing alongin Figure2. For COPAINT-TT, we . + e " |- %
use time travel interval = 10 and travel frequenci =1. Mo w0 me w0 wo s wo o om o m w0 wo o

The ablation studies for the hyper-parameters could be seen
in Section5.4. Note that all methods use the same pretralneq:igure 3.Time-performance trade-off c@elebA-HQ (left) and

diffusion models without any modi cation. ImageNet (right). The x-axis indicates the average tir# (0

process one image, and the y-axis is the avet&deS (#).
5.2. Experiment Results
ing that the images generated by our method are not only
more coherent, but also considered superior in terms of
other aspects as well, including naturalness and meeting
the inpainting constraint. Also, notice that the performance
advantage of OPAINT-TT is generally more signi cant on
ImageNet , which may be because imagedimageNet
are more complex and thus any imperfections in the images,
including incoherence, would be more conspicuous.

Quantitative results Tablel shows the quantitative re-
sults of the proposed @PAINT-FAST, CoPAINT and
CoPAINT-TT together with all other baselines on both
CelebA-HQ (top) andimageNet (botton) datasets with
seven mask types. The results in ates (%) column
show the two vote difference scores, the rst forerall

test and the second for tikeherence test. Here are our
key observationsFirst, in terms of the objective metric,
CoPaINT consistently outperforms the other baselines, andVe further conduct an additional experiment on inpainting
reduces the averag€’IPS score by 5% and 19% beyond high-resolution images in Appendi®, where our meth-
the best-performing baselineERAINT in CelebA-HQ and  ods still achieve the best performance compared with other
ImageNet dataset, respectivelgecondwhen combined baselines with competitive time ef ciency. Besides, the pro-
with time travel, @PAINT-TT can further bring down the posed method could also be used in other image restoration
average LPIPS score by another 3% and 1% in the tweasks. An additional experiment on the super-resolution
datasets, respectively. Beside®RBINT-TT achieves the task could be seen in Appendix where our methods show
best performance among eleven out of the fourteen inpaintonsistent superiority over other baselines.

ing tasks while achieving comparable performances with

the best baseline in the resthird, in terms of subjec- Time-performance trade-off Figure3 shows the running
tive evaluations, OPAINT-TT consistently produces pos- time of the proposed methods with other baselines on both
itive vote difference scores in both theverall CelebA-HQ (left) andimageNet (right). In each sub g-
andcoherence tests in most of the Comparisons, indicat- ure, thex-axis denotes the average running time of each
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Narrow Wide Text Expand Altern .R. Narrow
-

Input
Input

RESAMPLING ~ BLENDED
RESAMPLING ~ BLENDED

DDRM
DDRM

REPAINT

REPAINT

DbNm
DbNm

Dps
Dps

Hlﬁﬁmﬁﬁ
20 .801E

COPAINT-FAST
COPAINT-FAST

COPAINT
COPAINT

COPAINT-TT
COPAINT-TT

Figure 4.Qualitative results of baselines and oursof@INT,  Figure 5.Qualitative results of baselines and oursof@iNT,
COPAINT-TT) on CelebA-HQ with seven degradation masks. COPAINT-TT) onlmageNet with seven degradation masks.

method for processing one image, while thaxis repre- 3
sents the averadePIPS score over seven mask types. The . .l ..
position closer to the left-bottom corner of the gure indi-

cates better performance and time ef ciencYORAINT-TT

achieves the best performance, although it has a larger corm-

putational cost than most baselines. On the other hand ,nput t= 08T t=06T t=04T t=02T =0

with almost comparable performancepRAINT reduces

the time cost by nearly 60% in both datasets. Comparegligure 6.Coherence study of baseline. BNDED and our methods

with the best-performing baselineERAINT, COPAINT lieS  CoPaINT onCelebA-HQ dataset wittHalf mask.
to the left-bottom of RPAINT in both datasets, demonstrat-

ing its advantage in the time-ef ciency tradeoff. Moreover, be seen in AppendiB. There are two key observations.

we show that ©PAINT-FASTis four times faster than & First, our method achieves better coherence compared with
PAINT and is comparable to other baseline methods in terms_ ~ P

o . ... other baselines, which is particularly signi cant with larger
of running time. @PAINT-FAST also achieves competitive .
. i masks, such a&xpandandHalf. For example, in the sec-
performances in both two datasets. Speci CallgRAINT- ond column in Figuré with the Half mask, the revealed
FasT outperforms other baselines except f@&HRINT in 9 '

CelebA-HQ and beats all baselines imageNet part of the input is half of a television, as shown in the
9 ' rst row. In contrast to the failed completions generated

by most baselines, bothdPAINT and GOPAINT-TT suc-
Quialitative results We show some example generated cessfully generate a television with matching size and style.
imagesCelebA-HQ andlmageNet in Figures4 and5,  CoOPAINT-FAST shows slight performance degradation due
respectively. More qualitative results with large size couldto the limited number of reverse sampling and gradient de-

BLENDED

AINT
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As shown in Algorithml, aG-step gradient descent method
is adopted for optimizing<, at each time step. In Tabk
(rst), we see that a larges would not always introduce
better performances@PAINT-TT. As we optimizex—; to
Nothod G LPPS# Time () # minimize t_he mean square error (corresponding tc_> the sec-
0187 326 ond term in Equatiori4) only in the revealed region, a
0.180 562 larger gradient descent number may introduce an over tting
0.192 1365 problem and thus lead the poor performances.

1
2
5
Method K LPIPS# Time (s) #
1
2
5

Table 2.Ablation study of the gradient descent numferthe time
travel frequencK , the time travel interval , and the step number
for approximatingX o in each time stepl . The results are based
on the testing set dfelebA-HQ dataset wittHalf mask.

COPAINT-TT

Table2 (secondandthird) shows the effects of time travel
018 oo frequencyk and interval . Different from REPAINT (Lug-
0.181 1428 mayr et al, 2022 whereK =9 is used, we see tht =1 is

suf cient for our method, demonstrating that our proposed

COPAINT-TT

Method LPIPS# Time (s) # ) . ; - 9 .
> 0186 s method is better at imposing the inpainting constraints than
COPANT-TT 5 (178 569 the simple replacement operations adopted EPARNT.
;g 8-12(1’ 22421 Besides, we show that the value of time travel interval
: does not have a signi cant impact on the performance with
Method H LPIPS# Time (s) # 5
1 0180 562
COPANT-TT 5 0176 1491 As we have mentioned in Sectidnb, the one-step approx-
5 0177 3346

imation forX- could be replaced with multi-step approxi-
mation by going through multiple deterministic denoising
steps at a subset of time steps. We denote the approximation
step number ad, and its effects could be seen in TaBle
scent.Secondalthough some baselines, such assPalso  (fourth). We see that with a minor decreaseLiPIPS , the
generate relatively coherentimages, our methods produdéne cost dramatically increases. With = 5, it takes
more realistic images. For example, the televisions gerabout six times longer than = 1 for processing one image.
erated by our methods have more decorations and graing/e leave it for our future work to explore how to improve
while the television generated byri3appears smooth and computational ef ciency for multi-step approximation.

lacks details.

6. Conclusion

5.3. Coherence Stud
y In this paper, we proposed a diffusion-based image inpaint-

To show how @PAINT ensures coherence along the de-ing method, ®PAINT, which introduces a Bayesian frame-
noising process, we present a coherence study, where werk to jointly modify both revealed and unrevealed parts of
plot one-step generations over time steps fT; 0:8T; intermediate variables in each time step along the denoising
0:6T;0:4T;0:2T; 1g for the baseline BENDED and our process, leading to better coherence in the inpainted image.
method @PAINT in Figure6. As can be observed, although CoPAINT's approximation error of the posterior distribu-
the revealed part is a woman with black hait,EBIDED  tion is designed to gradually drop to zero, thus strongly
keeps generating blond hair for the woman. This is conenforcing the inpainting constraint. Results from extensive
sistent with the known bias i@elebA-HQ dataset, that experiments showed thatdPAINT outperforms existing
women are more correlated with blond hair(et al, 2021).  diffusion-based methods in both objective and subjective
The problem is that directly replacing the revealed portion ofmetrics in terms of coherence and overall quality. However,
the image along the denoising process does not require thiere are still some imperfections iro@aINT, due to the
unrevealed portion to be consistent with the context of th&uboptimal greedy optimization and one-step approxima-
revealed region. By contrast, our method could effectivelytion error. See the failure case study in Apper#iand the

generate a coherent image with black hair. discussion about potential societal impacts in Appefidix
In the next step, we plan to replace our greedy optimization
5.4. Ablation Study with more plausible sampling methods and investigate ways

. . . . to further reduce approximation error.
We investigate the design choices of three hyperparameters,

gradient descent step numhigrtime travel frequency ,
time travel interval , and the effects of multi-step approxi- References
mation as mentioned in Sectidn Speci cally, we conduct  ayrghami, O., Lischinski, D., and Fried, O. Blended dif-

our experiments on th€elebA-HQ with Half mask. The fusion for text-driven editing of natural image£022
results could be seen in Talfle
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A. Experiment Setup
A.1. Human Evaluation

As described in SectioB.1, we conduct two human evaluations on Amazon Mtutkevaluate the quality of inpainted
images. Figureg and8 show the user interface for the human evaluations, where evaluators are asked to select an image of
better quality from two candidate images inpainted by different algorithms according to the criteria listed in instructions. To
avoid bias, we put the candidate images in random order. As mentioned in Sedtiare perform two user studies, with

one of them focusing oaverall  quality and the other focusing moherence

Detailed criteria obverall test are:

« It is important that the edited image should look likaatural image. It should not contain a lot of artifacts, distortion
or non-commonsensical scenes.

* The completed image shouldsemble the source imagexcept in the missing part.
* The completed missing parts shouldvigually coherentwith the given parts in the source image.

Detailed criteria otoherence test are:

« The completed missing parts should be visually coherent with the given parts in the source image. More speci cally,
the completed parts should follow the same style as the given parts in source image, for example, the haircut style of a
human should be same and the lled parts should not contain irrelevant objects in the source image.

2https://www.mturk.com
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Instruction Task

Instructions

Please read the instructions carefully. Failure to follow the instructions will lead to rejection of your results. In this task, you will be asked to judge and
compare the quality of two Al-edited images. Specifically, you will first see one degraded image that has some parts missing, which we will refer to as
the SOURCE IMAGE. Then you will see two images, which are inpainted from the source image by two different machine learning algorithms.
Inpainting means filling the missing parts of the source image to be a complete image such that the resulting image looks visually coherent and
natural. You will be asked to select which of the two completed images is of BETTER quality. A completed image with good quality should satisfy the
following three criteria:

« First, it is important that the edited image should look like a natural image. It should not contain a lot of artifacts, distortion, or non-
commonsensical scenes.

+ Second, the completed image should resemble the source image except for the missing part.

« Third, the completed missing parts should be visually coherent with the given parts in the source image.

Remember to answer the question based on the above criteria. In the following example, the source image is on the left, and the two completed
images are on the right. You can choose the better one by CLICKING on the image, and it will be highlighted with a red outline.

Example: We provide an example to help you analyze the image quality. Below are one source image (left) and two candidate completed images
(right):

SOURCE IMAGE Candidate 1

You are expected to analyze the two i images based on the criteria mentioned above.

+ In this example, both completed images look natural, with no obvious wired distortions or artifacts in the image.

« Both of these candidate images look similar to SOURCE image in the left part.

* However, the right part of C 1 image is not i with the left part of SOURCE image. Eyes are completely different, and the haircut
style does not match. We can see a clear gap between the left and right parts in Candidate 1, which makes it look like a concatenation of two different
images. On the other hand, the right part of Candidate 2 is more coherent with the left part. The haircut style on both sides are similar, the eyes are
identical and there is no clear gap in between.

Therefore, Candidate 2 is a better-completed image.

More low-quality examples: We also provide another two low-quality examples completed from the same source image to help you understand

the criteria.

Poor restoration

« In the left image (with the caption Distortion), we can spot some artifacts and distortions in the right part, which violates criterion 1.
+ In the right image (with the caption Poor restoration), the left part is not very similar to the SOURCE IMAGE, e.g. the eye color the shape of the
eyebrow are different and the hair is missing details, which violates criterion 2.

You are expected to jointly consider all three criteria when making your choice.

To proceed to the real test, please scroll to the top and click the 'task' card.

Instruction Task.
Which one of the two candidate image is a better completion of SOURCE image?

Criteria:

. First, that the edited 1 ot of artfacts, distortion, o non-commonsensical scenes.
+ Second, for 9
« Third, the completed missing parts should be visually coherent with the given parts in the source image.

Choose the better one by CLICKING the image.
NOTICE:

¥ your best to choot image. If you are not able to tell which one is better, you can click I CANNOT tell which one is better". But we will rject all your HITS if you choose this option
100 often, 50 please try not to choose this option.

‘You won't be able to submit if no option is selected.

1 CANNOT tell which one is
better.

SOURCE IMAGE

Figure 7.Human evaluation interface faverall

test. Evaluators are asked to choose an image of better quality fro@andidate

images following the criteria listed in the instructions.
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Instruction Task

Instructions

Please read the instructions carefully. Failure to follow the instructions will lead to rejection of your results. In this task, you will be asked to judge and
compare the quality of two Al-edited images. Specifically, you will first see one degraded image that has some parts missing, which we will refer to as
the SOURCE IMAGE. Then you will see two images, which are inpainted from the source image by two different machine learning algorithms.
Inpainting means filling the missing parts of the source image to be a complete image such that the resulting image looks visually coherent. You will be
asked to select which of the two completed images is of BETTER coherence. A completed image with good coherence should satisfy following
criterion:

* The completed missing parts should be visually coherent with the given parts in the source image. More specifically, the completed parts should
follow the same style as the given parts in source image, for example, the haircut style of a human should be same and the filled parts should not
contain irrelevant objects in the source image.

Remember to answer the question based on the above criterion. In the following examples, the source image is on the left, and the two completed
images are on the right. You can choose the better one by CLICKING on the image, and it will be highlighted with a red outline.

Example: We provide two examples to help you analyze the image quality. Below are one source image (left) and two candidate completed images
(right):

You are expected to analyze the two candidate images based on the criterion mentioned above.

SOURCE IMAGE » Candidate 1 andidate

« The right part of Candi 1 image is not i with the left part of SOURCE image. Eyes are completely different, and the haircut style does
not match. We can see a clear gap between the left and right parts in Candidate 1, which makes it look like a concatenation of two different images.
On the other hand, the right part of Candidate 2 is more coherent with the left part. The haircut style on both sides are similar, the eyes are identical
and there is no clear gap in between.

Therefore, Candidate 2 is a better-completed image.

SOURCE IMAGE Tandidate 1 Candidate 2

+ The right part of C: 2image is not i with the left part of SOURCE image. The medicine pot appears to be partially cut off, and
there is a weired tag on the right. On the other hand, the right part of Candidate 1 is more coherent with the left part. Though not very perfect, the
medicine pot is more complete and there is no irrelevant objects on the right.

Therefore, although Candidate 1 looks strange, it is still a better-completed image.

To proceed to the real test, please scroll to the top and click the 'task’ card.

Instruction  Task
Which one of the two candidate image is a more coherent completion of the SOURCE image?

Criterion:

shouid be y parts
Choose the more coharent one by CLICKING the image.

NOTICE:

We need you to do your best to choose a ot able to . you can click "I CANNOT tell which one is more coherent”. But we wil reject all your HITS i you

image.
choose this option t0o often, 50 please try not to choose this option.

You won't be able to submit if no option is selected.

1 CANNOT tall which one is

Figure 8.Human evaluation interface fapherence test. Evaluators are asked to choose an image of better quality fro@dndidate
images following the criteria listed in the instructions.
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A.2. Implementation Details of Baselines

We implement all methods based on the co@éeased by.ugmayr et al(2022 and generate images with the same pretrained
diffusion model. FolCelebA-HQ dataset, we use the model pretrained_bhgmayr et al(2022. ForlmageNet , we use

the model pretrained bphariwal & Nichol (2021h. For all experiments, we set the number of reverse sampling steps as
250 if not speci ed otherwise. All experiments are done on an Nvidia-V100-SXM2-32GB GPU. The key hyper-parameters
for each baseline method are listed below:

BLENDED, we use DDPM $ong & Ermon 20190 sampler with 250 sampling steps.
DbDRM, we perform all experiments with the default setting=1:0; = 0:85.

RESAMPLING , we generate and resample twenty imdde®ach time step, and select the two with the highest posterior
probability whent = 1.

REPAINT, we perform all experiments with the default setting, where jump lehgtho and resampling number= 10.

DPS, we perform all experiments following the setting of Gaussian noise measurement in the original paper, where the
measurement noise is set to 0 and the step sized =ky A (Ro(xi)) k.

DbNM, we perform all experiments with the default setting, where linear degradation operaterand its pseudo-inverse
AY=r.
A.3. Adaptive Learning Rate for Our Method

In our algorithmi, X is optimized to maximize the posterior in each time step. It is equivalent to optinibg minimizing
the following loss,

. 1 1
L = |Og po()CtJ)CHl ,C) = zisz-t "tkg + 2702 So rf (t)(x—t) 5; (16)
t t
and its gradient oix; could be calculated as follows,
_ 1 1 (t) (t)
My L= — Xt ~1+T2rmrf (Xt) so r fU(Xy)
t t
) £ (% 17
=lx 4+ 2O KO T o
t

2@ @Y

f O . . C . . . .
where we note tha% is a diagonal matrix with either one or zero. Following the one-step approximation function
t

f () in DDIM (Song et al.2020, we have

ooy @0 T oy

@Xt @xXt (18)
1 P e k)
p—

t

Given the fact that g is strictly decreasing],:p ~¢ could be very large whenis large and thus lead to large gradient
magnitudes for updating . In practice, we nd that it would easily result in NaN if optimizing, directly with the
gradient. To alleviate the problem, we multiply the learning rate with an offsetF%eTm With a base learning rate02, we
nally use 0:02" "¢ as our learning rate.

Sshorturl.at/AHILU
“It is the maximum affordable number for a 32G GPU.
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B. Qualitative Results

We provide the larger size version of Figureand5 in Figures9 and12. More qualitative results are further provided on
CelebA-HQ in Figurel0, Figurell and more qualitative results dmageNet in Figurel3, Figurel4in this section.
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Figure 9.Qualitative results of baselineLBNDED and our methods (GPAINT, COPAINT-TT) on CelebA-HQ with seven masks.
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Figure 10.Qualitative results of baseline methods and our methodéf@uT, COPAINT-TT) on CelebA-HQ with seven masks.
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Figure 11.Qualitative results of baseline methods and our methodéfQuT, COPAINT-TT) on CelebA-HQ with seven masks.
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Figure 12.Qualitative results of baselineLBNDED and our methods (GPAINT, COPAINT-TT) onlmageNet with seven masks.
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Figure 13.Qualitative results of baseline methods and our methodéf@\ 1, COPAINT-TT) onlmageNet with seven masks.
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Figure 14.Qualitative results of baseline methods and our methodéf@\ 1, COPAINT-TT) onlmageNet with seven masks.
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C. Additional High-resolution Inpainting Experiments

We conduct an additional experiment on inpainting images, where we use the réeased 2 diffusion modet pre-trained
onlmageNet dataset as the backbone. The quantitative results could be found inST&sde&an be observed, our methods
still achieve the bedtPIPScompared with other baselines. For examplePEINT-TT reduced PIPSby 19.4% compared
with the most competing baselineERaINT. In Figurel5 with the time-performance tradeoff, we show that our method is
able to outperform other baselines except f@PRINT with a comparable computational time budgebfBINT-FAST),

and outperforms all baseline methods given more computational budgBa(KCr and COPAINT-TT).

Table 3.Quantitative results oomageNet for 512 512resolution inpainting. Lower is better faPIPS .

ImageNet-512

Method Expand Half Altern S.R. Narrow Wide Text| Average
LPIPS# LPIPS# LPIPS# LPIPS# LPIPS# LPIPS# LPIPS# | LPIPS#
BLENDED 0.739 0.377 0.210 0.495 0.157 0.179 0.038 0.313
DDRM 0.859 0.391 0.339 0.712 0.204 0.197 0.073 0.396
RESAMPLING 0.799 0.366 0.205 0.482 0.157 0.173 0.039 0.317
REPAINT 0.835 0.351 0.066 0.158 0.083 0.146 0.019 0.237
Dps 0.750 0.575 0.513 0.543 0.496 0.519 0.480 0.554
DDNM 0.850 0.406 0.033 0.079 0.173 0.193 0.044 0.254
COPAINT-FAST | 0.678 0.335 0.075 0.128 0.103 0.167 0.043 0.218
COPAINT 0.732 0.310 0.033 0.067 0.100 0.146 0.026 0.202
COPAINT-TT 0.726 0.292 0.022 0.043 0.093 0.136 0.025 0.191

Figure 15.Time-performance trade-off dmageNet for 512 512inpainting. The x-axis indicates the average tifieto process one
image, and the y-axis is the averddelPS (#).

®https://github.com/openai/guided-diffusion
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D. Additional Super-resolution Experiments

We conduct an additional experiment with our method on the super-resolution task. Speci cally, we apply average pooling
to downsample @56 256image to a lower resolution at different scales followingN (Wang et al.2022 and then use
different methods to reconstruct the origirdb 256 image. We compare our method wittPB(Chung et al.20223,

DDRM (Kawar et al, 2022, andbDNM (Wang et al. 2022 as they are suitable for the super-resolution task.

The quantitative results in Tabfedemonstrate the consistent superiority of our method compared with other baselines. The
gualitative results are shown in FigurB8and17. Although the most competing baselin®@®wv performs well in2 and

4 super-resolution, their generated image8 insuper-resolution are more blurry and lack ner details such as hair, as
demonstrated in the rs€elebA-HQ example, and fur, as demonstrated in the sedoratjeNet example. In contrast,

our method produces more natural-looking images with better details.

Table 4.Quantitative results of super-resolution task@elebA-HQ (top) andimageNet (botton) datasets. Following//ang et al,
2022, we apply average-pooling to2b6 256image to obtain the low-resolution input and then reconstruct the original image using
different methods. We perform experiments for three different scades2 ,4 and8 , with the image being downsampled at the
corresponding scale. We report the objective m&tR&PS of each baseline. Lower is better floPIPS .

ImageNet
Scale Factor Dps DDRM DbNM  COPAINT  COPAINT-TT
LPIPS# LPIPS# LPIPS# LPIPS # LPIPS#
2 0.156 0.054 0.031 0.037 0.025
4 0.190 0.228 0.141 0.113 0.082
8 0.235 0.360 0.250 0.293 0.170
CelebA-HQ
Scale Eactor Dps DDRM DDNM COPAINT  COPAINT-TT
LPIPS# LPIPS# LPIPS# LPIPS# LPIPS#
2 0.417 0.121 0.113 0.063 0.042
4 0.483 0.345 0.328 0.252 0.204
8 0.531 0.480 0.528 0.511 0.423
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INPUT Dps DDRM DDNM COPAINT COPAINT-TT

SR
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Figure 16.Qualitative results of applying different methods to super-resolution tasletebA-HQ dataset.
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INPUT Dps DDRM DDNM CoPAINT COPAINT-TT

SR

SR
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Figure 17.Qualitative results of applying different methods to super-resolution taskhageNet dataset.
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E. Failure Case Study

We present a failure case study of our methodsPENT and GPAINT-TT, which can be found in Figurg&8. Our ndings

indicate that these methods are susceptible to failure when it comes to inpainting image details. For instance, in the rst
column, while the inpainted area appears coherent and natural, the text on the hat does not blend well with the surrounding
region. Other baselines exhibit similar issues. We attribute this to the de ciency of diffusion models in generating image
details, particularly text, and plan to address this in future work. Additionally, we demonstrate that all methods, including
ours, are likely to fail for large masked regions where the revealed surrounding information is inadequate for inpainting,
resulting in unnatural images. An example of this is shown in the last column.
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COPAINT  COPAINT-FAST Dps DDNM REPAINT DDRM RESAMPLING BLENDED Input

COPAINT-TT

Incorerct details Large Mask

Figure 18.Fail-cases of our method
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F. Potential Societal Impacts

Despite the recent success in image generation with diffusion models, these models are prone to the biases exhibited in
data Rombach et aJ.2021) and thus could generate biased images for downstream tasks. In line with other diffusion
inpainting works, our method heavily relies on the pre-trained diffusion models and thus could exhibit or even amplify
the biases existing in the models. For example, as shown in Fig'eENDED (Song & Ermon 2019a Avrahami et al.

2021 inpaint a blond-haired woman for the reference image with a black-haired woman, which aligns with a known bias in
CelebA-HQ datasetl(iu et al., 2021). The underlying reason lies in that, the replacement operation usedtyt& D

only enforces the inpainting constraint on the revealed part of the generated image, while the unrevealed part is not directly
modi ed and has to rely more on prior knowledge learned from data. By contrast, in this paper, we introduce a Bayesian
framework to jointly modify both the revealed and unrevealed parts of intermediate variables in each time step. This would
enforce better coherence between the revealed and unrevealed parts, making our method less susceptible to biases. As
shown in Figures, our method ©PAINT successfully completes the image with a black-haired woman. On the other hand,
however, due to the suboptimal greedy optimization and one-step approximation error, we note that there are still some
imperfections in our method. Therefore, some bias may still persist, particularly when the revealed part contains too little
information. Besides, our method might be used in generating fake content and other malicious images to deceive humans
and spread misinformation. In practice, our method should be appropriately used with careful checks on potential risks.
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