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Abstract Exemplar-based image translation involves
converting semantic masks into photorealistic images
that adopt the style of a given exemplar.
most existing GAN-based translation methods fail to
produce photorealistic results. In this study, we propose
a new diffusion model-based approach for generating
high-quality images that are semantically aligned with
the input mask and resemble an exemplar in style.
The proposed method trains a conditional denoising
diffusion probabilistic model (DDPM) with a SPADE
module to integrate the semantic map. We then used
a novel contextual loss and auxiliary color loss to
guide the optimization process, resulting in images
that were visually pleasing and semantically accurate.
Experiments demonstrate that our method outperforms
state-of-the-art approaches in terms of both visual
quality and quantitative metrics.

However,

Keywords exemplar; image translation; denoising

diffusion probabilistic model (DDPM)

1 Introduction

Image-to-image translation aims to learn the mapping
between two distinct domains, covering various tasks,
such as image synthesis, image inpainting, and image
manipulation. In this study, we focus on converting
semantic masks into natural-looking images with a
given exemplar image, which is called exemplar-based
image translation [1].

Existing approaches often construct networks based
on generative adversarial networks (GANs) [1-4].
Despite their great advantages, GANs often feature
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low-mode coverage, leading to a low diversity of
the generated images. However, denoising diffusion
probabilistic model (DDPM) has accurate mode
coverage and can thus, produce high-quality images,
which makes them superior for image generation and
manipulation tasks [5-8].

In this study, we presented a DDPM-based
approach for generating exemplar-based images. To
generate semantically consistent images, we arranged
a conditional DDPM with the SPADE module [4] and
trained it in a classifier-free manner. In particular, we
designed two critical losses to guide the entire network
jointly, resulting in style-faithful and photorealistic
outputs (see Fig. 1). Our main contributions are
summarized as follows.

Fig. 1 Exemplar-based image synthesis. Our method translates
the input masks to realistic images. Experiments are conducted on
CelebAMask-HQ, ADE20K, and Cityscapes.
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e To align the synthesized image with the input
semantic map, we apply SPADE to the diffusion
model, which enables the network to grasp the
semantic layout.

e We propose a novel contextual loss and an
auxiliary color loss to assist the translation
process, aiming to guide the network to output
images with style consistency.

that approach

enables photo-realistic image generation and is

e Experiments validate our
competitive with leading methods qualitatively

and quantitatively.

2 Related work

Image-to-image translation. Image reconstruc-
tion tasks emphasize the similarities between the
input and output images, and the similarity metrics
at the concrete appearance and abstract perceptual
levels are carefully designed to guide the model in
generating the desired images. By contrast, image-to-
image translation aims to map images from different
domains. From the perspective of network design,
the existing prominent approaches can be conditional
or unconditional, depending on how they leverage
images or other information. pSp [9] is an end-to-
end image-to-image translation framework that uses
the representative power of a pretrained StyleGAN
generator. Using a strong encoder, pSp can match
each input image to corresponding code in the
latent domain and supports multimodal synthesis via
style resampling. Most image-to-image translation
networks are conditional. Isola et al. [2] investigated
conditional adversarial networks to solve image-to-
image translation problems, and successfully applied
their framework to various novel translation tasks.
SEAN [10] can control the style of each semantic
region individually owing to its normalization, which
can extract style reference images per semantic
region. Instead of directly feeding the semantic
layout as input to the deep network, SPADE [4]
modulates the activations in the normalization layers
through a spatially adaptive learned transformation.
Considering the remarkable performance of SPADE,
researchers have applied it to networks to preserve
semantics.

Models for unpaired training data were explored
to relax the strict constraints of paired data. Kim
et al. [11] proposed a method based on GANs to
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learn the relationships between different domains;
thus, images in one domain can be translated to
another. Yi et al. [12] developed a novel dual-GAN
mechanism that enables image translators to train
using unlabeled images from two domains. Cross-
GAN assumes a shared latent space and proposes an
unsupervised image-to-image translation framework
based on Coupled GANs [13]. The limitations of
Cross-GAN are the unimodal assumption of the
Gaussian latent space and unstable training. Zhu
et al. [3] integrated the cycle-consistent loss into
GANSs to achieve unpaired image-to-image translation.
Royer et al. [14] introduced a dual adversarial
autoencoder that captures a shared representation
of the common domain semantic content and jointly
learns domain-to-domain image translations.
Exemplar-based image synthesis. An exemplar
offers contextual information for image synthesis [1,
15-18]. Therefore, leveraging a given exemplar is
vital. Huang and Belongie [15] presented a novel
adaptive instance normalization (AdaIN) layer that
enables arbitrary style transfer by adjusting the mean
and variance of the content input to match those of
the style input. Similarly, Ma et al. [16] introduced
AdalN to transfer the style information of a target
domain to the source domain and applied the concept
of feature masks to avoid semantic inconsistencies. Qi
et al. [17] designed a semiparametric approach that
synthesizes images by compositing image fragments
retrieved from a large database. A style consistency
discriminator was proposed in Ref. [18] to determine
whether the image pairs are consistent in style.
However, their results could be affected by the
performance of the state-of-the-art semantic labeling
functions. SPADE learns an encoder to map the
exemplar image into a low-dimensional vector and
then delivers this vector to a generator accompanied
by an input semantic image [4]. CoCosNet [1] aligns
images from distinct domains to an intermediate
domain, and then synthesizes images based on the
appearance of semantically corresponding patches in
the exemplar. However, this method may produce
unsatisfactory results owing to one-to-many and
many-to-one mappings, as mentioned in their paper.
UNITE [19] introduces an optimal transport for
feature matching, which treats the entire feature set
as a whole and effectively overcomes many-to-one
matching. However, this method cannot generate the
correct semantics when there are no corresponding
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semantics in the exemplar.

DDPM-based image synthesis. Compared
with GANs, DDPM has achieved unprecedented
success in various image-generation tasks [6, 20—
26]. Xiao et al. [26] summarized the manner in
which mainstream generative networks address the
trilemma of sampling efficiency, quality, and diversity.
GANSs rapidly generate high-quality samples; however,
they exhibit defects in the mode coverage. Although
variational autoencoders (VAE) and normalizing
flows fully and faithfully cover the data modes,
they often produce low-quality samples. DDPM has
emerged as a powerful generative model. These
models demonstrated surprisingly good results in
terms of sample quality, beating GANs in image
generation. Enforced by high likelihood, they also
have good mode coverage and sample diversity.
DDIM [23] was proposed to reduce the sampling
time with thousands of neural network inferences.
In summary, DDPM has been increasingly developed
and applied to tasks involving GAN, such as image
manipulation, image inpainting, and text-to-image
generation.

3 Method

3.1 DDPM

As shown in Fig. 2, DDPM [20] involves two processes:
diffusion (forward) and denoising (reverse). Training
data xg ~ q(xo), x1, ..., T; are intermediate latents
that share the same dimensions as data xg. The
reverse process is defined as a Markov chain with
a learned Gaussian transition starting at p(xr) =
N (x7;0,I) and is formulated as the joint distribution
Pe(on:T)i

T
po(xo.7) = p(xT) Hpe(fl?t—1|$t)
=1 (1)
Po(®i—1|®s) = N(T1-1; po (e, 1), (4, 1))
The forward process gradually adds Gaussian
noise to the data according to a precalculated
schedule, which can also be learned through repara-

Reverse process

Fig. 2 Diffusion process and reverse process of DDPM.

meterization Sy, ..., Br:
T

q(x1.7|T0) 1= HQ(fEt|$t—1)
t=1

q(xi|xi—1) == N(x; /1 = Bee—1, fid)

One property of the forward process is that x; can

(2)

be deduced in closed form:
q(zelzo) = N(1; /uzo, (1 — ar)T) (3)
where oy := Hizl(l—ﬁs). Furthermore, the posterior
given x; and xg is tractable:
q(@e—1|zi, T0) = N(i-1; fir (@, @), Bd)  (4)

where

VOt—1P¢
_ Zo

fi(xe, To) = 1—a
n \/lfﬂt(lfat,l)mt (5)
1-— Qi
= (1 — Oét_1>
b= Bty (6)

To optimize DDPM, a surrogate objective that
computes the standard mean-squared error loss
between the estimated noise and normal noise is now
widely adopted:

Lsimple = Etw[l,T},a:oNq(ilio),ENN(O,I)[||69($t7t) - 6||2]

(7)
Here, ||€g(x+,t) — €] is the mean-squared error loss
between the true noise and the noise predicted from
UNet [24]. UNet is the backbone of DDPM, whose
input and output share the same dimensions. After
estimating the true noise, we can predict the start

variable &g as

. 1
To = \/—@(mt — V1 — aeg(xy,t)) (8)
Additionally, DDIM makes deterministic diffusion
and inference possible through Eqgs. (9) and (10) [5,
23]

Diffusion: @41 = \/azr1@0 + /1 — arr1€9(Te, 1)
(9)

Inference: @,y = \/ou_1&0 + /1 — u_1€9(x4, 1)
(10)
where & is estimated from x; using Eq. (8). Using
deterministic diffusion and inference processes, face
manipulation with identity preservation can be

achieved through DDIM [6].

3.2 Approach

In our study, DDPM is conditioned on a semantic map
y which is integrated such that SPADE is developed.
The proposed conditional DDPM follows the network
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design of Ref. [27]. Because unconditional DDPM
can generate higher-quality samples than conditional
DDPM, classifier-free techniques have been further
designed for DDPM [22]. Specifically, during training,
a dropout probability is set to help determine whether
condition y should be dropped. When being dropped,
the value of y is set to zero and denoted as @. Thus,
the variable tuple (@, t,y) or (x;,t,0) is fed into the
UNet of the conditional DDPM. During inference,
the score is calculated using a linear combination of
conditional and unconditional estimates as Eq. (11):

€g(xs,t) = (1 +w)eg(xe, t,y) — weg(xs,t,0) (11)

The exemplar-based image-translation method is
illustrated in Fig. 3. After training the conditional
DDPM, contextual and color diffusion guidance
(CCDQG) is introduced to further adjust the pretrained
model for the desired outputs. Next, we introduce
contextual loss and color loss and design a specific
algorithm.

Contextual loss. In Algorithm 1, the contextual
loss [28] is proposed to measure the similarity in
appearance between two images.
introduced notations in Ref. [28].

For clarity, we
First, X = {x;}

and Y = {y;} are the sets of feature maps of the two
images x and y respectively. Both sets contain the
same number of sample points. Let d;; be the cosine
distance between z; and y;, z; and y; are considered
as similiar features when d;; < d;;, for Vk # j. The
original measurement is defined as

‘CCX(xv Y, l) = —10gCX(¢l($), ¢l(y))

(12)

where ¢'(z) and ¢'(y) are the feature maps from
layer [ of the pretrained perceptual network ¢ which
is VGG19 [29]. To facilitate the introduction of the
new measurement method, we define

CX (s, Y) = max CX(6(2). ¢4(1)

] (13)

further,
CX(¢!(2). 6/ (9)) = - 3 CX(a.Y)

= niz Z mjax CX(Q%(CU)’ Q% ()

(14)
where n; is the number of feature maps in the VGG
net (i and j are indices). The original contextual loss
over all the layers between the predicted image £ ¢
and the given exemplar zp in our case is

Dorig_cont ext +—

> w [—103-’; (nll me.tx CX(#(@B,O),%(ZB)))}
l i
(15)
w; controls the importance of layer [. Before
introducing our novel contextual loss function,
we borrow related original definitions (note that,
following the original paper, the layer notation is

ignored in the next few equations).
~ d.:
dii = ——4 16
K mkin dik + € (16)

w ep(l_gij)
ij = €Xp | —/——
h

(17)

UNet

Conditional
diffusion model

Exemplar Zp

Fig. 3 Overview of our method. In each timestep, the pretrained conditional DDPM is guided by CCDG.
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CXij = wij/ Zwik (18)
k
In our study, we redefine CX(x;, Y') to constrain the
similarity between the feature maps more effectively.
md
i
According to this new equation, CX(z;,Y) is large
when the ratio of the second minimum distance and

OX (2, V) =1— (19)

the minimum distance is relatively large (and vice
versa). It is noteworthy that the original equation
in Eq. (13) considers only one general distance that
is processed uniformly inside. Our novel contextual
loss function is defined as

Dour_context 1=

S |-t (£ S oxtolt@na o) | 0
7 i

As detailed in Ref. [1], the low-level features in
contextual loss contain richer style information, which
is decisive for the transfer process of an exemplar
appearance.

Color loss. We noticed that contextual loss alone
is not powerful enough to maintain color consistency
between the translated image and the exemplar. Thus,
the color loss was designed to maintain consistency
at the semantic region level. In CelebAMask-HQ
dataset, the semantic map had 19 channels, each
of which is set to 0 or 1, indicating invalid or valid,
respectively. Given a semantic input @ 4, an exemplar
zp, and its semantic map z4, we calculated the
color distance for each semantic channel and set
its weight using valid pixels. We determine that
we = Yx/(H x W), where H and W denote the
height and width of the input data respectively.
Symbol - represents an element-wise multiplier. 3a
or ¥ z9 measures the number of valid pixels in channel
c. &g, is the predicted image, and 1 is an indicator
function whose value is zero if the inside value is O:

Deolor =

[~

c

%(24 - zB)
2z9

E(mi . :%B,O) _
Yz

)tles - =5)
(21)
Algorithm. Our method is illustrated in Algo-
rithm 1. The reverse process of the diffusion model
can be implemented using DDIM with a smaller

timestep K compared with the training process. To
reduce the influence of random noise and synthesize

Algorithm 1 Exemplar-based image synthesis via
DDIM, given a diffusion mode €y conditioned on semantic
inputs

Input: source semantic image x4, exemplar zp,
exemplar’s semantic map z4, diffusion steps K,
and zB,0 + 2B

Output: synthesized image & p

for t from 0 to K — 1 do

ZB,o = \/%(ZBJ& —V1—ases(zB,t,t,24));
ZBt+1 = /1280 + V1 — arr1€0(2B,t, t, 24);
end for

TB,K < ZB,K;

for t from K to 1 do

Eg(th, t)y=(1+ w)eg(wB,t, t, :l)A) — weg(wB,t, t,0);
Tp,0 = \/%(mB,t —V1—at€g(xB,,t));
L+ )\ctx,wDour,context (i:B,07 ZB)
+Acolor-wDeolor (T A, £B,0, 24, 2B);
€ — Eg(mB,t,t) — \/1 — athcB)Oﬁ;
TB,t-1~ \J—12ZB,0 + 1 — ar_16€
end for
return £p < B

images, DDIM was adopted during the translation
process, which is further illustrated in Egs. (9) and
(10). Specifically, the exemplar image zp is first
encoded in the latent code space, leading to noisy data
xp, k. Next, we iteratively refined the output of UNet
through CCDG optimization. In our implementation,
Actxws Acolor.w, and w were set to 1, 10, and 0 on
CelebAMask-HQ and Cityscapes and to 0.1, 10, and
1 on ADE20K by default, respectively.

4 Results and evaluation

Datasets. Our method is validated using three

datasets to demonstrate its effectiveness.

e CelebAMask-HQ [30] consists of 30,000 high-
resolution (1024x1024) face images selected
from CelebA [31] and further post-processed
by Ref. [32]. Each image has a corresponding
segmentation mask of facial attributes corre-
sponding to CelebA. The 512 x 512 masks were
manually annotated with 19 classes including all
facial components and accessories. CelebAMask-
HQ can be used to train and evaluate algorithms
for face parsing, face generation, and face editing.

e Cityscapes [33] collects 3000 training and 500
validation urban street scene images. The dataset
has 35 classes and the image size is 2048 x1024.
During training, the aspect ratio of processed
images is the same as the original.
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e ADE20K [34] contains 20,210 training and 2000
validation images. Each image is associated with
one segmentation mask and the dataset contains
indoor and outdoor scenes with 150 semantic
classes.

Ablation study. To evaluate the effectiveness
of the proposed loss function, we constructed six
experimental settings: (1) a semantic map (first
column of Fig. 4) and an exemplar (second column of
Fig. 4). We encode the exemplar into the latent code
space and decode the code back into the image space
without optimization. Contextual loss is introduced
to help the model generate images that share a
similar appearance with the exemplars. (2) The
original contextual loss, (3) our novel contextual loss,
(4) the proposed color loss alone, (5) the original
contextual loss and color loss, and (6) our novel

w/ original

Exemplar

contextual loss

contextual loss and color loss optimize the model
to reach the desired outputs. The results of these
settings are presented in Fig. 4 from the third to
the last columns. Directly feeding the exemplar
into the pretrained model without optimization led
to obvious style differences between the translated
image and the exemplar in terms of hair color in
the generated images. Contextual loss boosts the
performance, and our novel contextual loss produces
images that match exemplars better than the original
contextual loss through close observation. The results
in the last five columns are visually similar but have
subtle differences. These differences are quantitatively
presented in Table 1. In Fig. 4, the resolution of
the synthesized images is 64 x 64, which is visually
blurred. We also provide super-resolution results in
other figures when appropriate (curated results are

w/ our w/ original w/ our

contextual loss color loss contextual and contextual and

color loss color loss

Fig. 4 Ablation study on loss terms. Six scenarios are considered.
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Table 1 Quantitative results on ablation study and comparisons on CelebAMask-HQ

Semantic Style

Method consistency 1 (color /texture) 1 mloU 1 mAcc 1 allAcc 1 Realism (%) 1 Artifacts (%) |
SPADE 0.912 0.978/0.946 69.8 78.2 95.4 4 36
SEAN 0.917 0.993/0.982 71.5 79.6 96.0 19 28
CoCosNet 0.926 0.987/0.967 70.1 79.1 95.7 44 15
W/ Dorig_context 0.907 0.962,/0.934 — — — — _
W/ Dour_context 0.911 0.964/0.940 — — — — _
w/ Deotor 0.903 0.971/0.937 — — — _ _
W/ (Dorig_context + Deolor) 0.910 0.974/0.942 — — — — _
W/ (Dour_context + Deolor) 0.912 0.976,/0.947 67.2 76.8 94.0 33 21

not suitable for ablation studies).

Reconstruction. First, we encoded the original
RGB input image into the latent code space and
then decoded it back into the image space. The
entire process was conditioned on the RGB image’s
corresponding semantic map. Figure 5 presents the
reconstruction results. The first column shows the
semantic maps, whereas the second column shows
the RGB images. The remaining columns present
the results of our model. The third column presents
the reconstruction results with 64 x 64, and the last
column shows the super-resolution editions of the
third column (we name the two types of results LR

-~ -

—
~ .
—
!

Ground truth

Input LR (ours) SR (ours)

Fig. 5 Reconstruction results of the conditional DDPM.

and SR, respectively). LR and SR are also shown
in Figs. 6, 7, 8, and 12). Diffusion models are not
efficient at producing high-resolution images because
they must take in data at various noise levels during
training and synthesize images iteratively through
hundreds of inference processes. Meanwhile, general
neural network models only need to understand the
original clean data (if noise addition is not included in
the data augmentation part) and can produce images
efficiently. Additionally, SR3 [35] was utilized here
to generate high-resolution results, which have been
widely adopted to compensate for the shortage of low
resolution in DDPM [25, 36].

CoCosNet

LR (ours)

SR (ours)

Fig. 6 Comparison with state-of-the-art methods. The semantic
map and exemplars are in the first row.
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SPADE

SEAN

CoCosNet

LR (ours)

SR (ours)

Fig. 7 Comparison with state-of-the-art methods. Four exemplars
are provided for one semantic mask.

CoCosNet
LR (ours) o

SR (ours)

Fig. 8 Comparison with state-of-the-art methods on exemplars
containing hands.

Baselines. We compared our method with several
state-of-the-art image translation methods: (1) SPADE,
a conditional generative model that can produce
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photorealistic images with a semantic layout. (2) SEAN, a
network architecture that can individually control the
style of each semantic region. (3) CoCosNet, a leading
image translation method that learns cross-domain
correspondences. (4) UNITE, a marginal contrastive
learning network that learns domain-invariant features
for realistic exemplar-based image translation.

Performance metrics. The synthesized images
are expected to adhere to the semantic layout of
the label map and resemble the appearance of an
exemplar. To measure the segmentation accuracy,
the mean intersection-over-union (mloU), mean pixel
accuracy (mAcc), and overall pixel accuracy (allAcc)
were adopted in our experiments. For these metrics,
the higher the value, the better the performance.
We used the state-of-the-art segmentation networks
BiSeNet [37] for CelebAMask-HQ, and PSANet [10]
for ADE20K and Cityscapes. In addition, semantic
consistency and style relevance described in Ref. [1]
were employed.

Evaluation. For each semantic input from
CelebAMask-HQ, we provided four reference images
as exemplars for each semantic input from
CelebAMask-HQ. As shown in Fig. 6, Fig. 7, and
Fig. 8, SPADE and SEAN can capture styles
with semantic consistency; however, their results
are unnatural with obvious artifacts. CoCosNet
is superior to SPADE and SEAN in generating
photorealistic images, as shown in Fig. 6 and
Fig. 7. However, in Fig. 8, CoCosNet’s synthesized
images are contaminated by hands from reference
images. In this case, our method is much more
similar to the exemplars. An extensive high-resolution
correspondence is shown in the final row. In Table 1,
all methods score more than 0.9 in terms of semantic
consistency and style relevance. For mloU, mAcc,
and allAcc, SEAN performed the best, whereas all
the methods behaved similarly without significant
differences.

Figures 9 and 10 show the visual results for
Cityscapes and ADE20K respectively. CoCosNet and
UNITE aim to translate an exemplar’s appearance to
an input mask; however, they are unable to generate
realistic styles for semantics that are not depicted in
the exemplar, as shown in Fig. 10 the refrigerator
(second row) and beach (third row) disappeared
from the generated images. Although SPADE can
produce reasonable objects that match semantics,
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SPADE

Fig. 9 Comparison with state-of-the-art methods on Cityscapes. SPADE, SEAN, and ours are able to generate realistic images on Cityscapes,

except for CoCosNet.

Ground truth

Label Exemplar

CoCosNet

Fig. 10 Comparison with state-of-the-art methods on ADE20K. Corresponding RGB images of the semantic masks are also in the first column
to help readers understand the specific semantics contained in this channeling dataset.

it fails to create consistent colors and textures
from an exemplar. For Cityscapes and ADE20K,
an obvious advantage of the proposed method is
its ability to adhere to the semantic layout of the
input mask. Specifically, in Fig. 9, clear demarcation
lines can be observed between the carriageway and
non-carriageway from the last column (ours) and
the clear bus shape in the bottom-right synthesized
image. In Fig. 10, the boundary between the sand

and sea in the third row and the complicated tree
boundaries in the last row validate this advantage,
which is difficult for the compared methods to capture.
The segmentation metrics in the last three columns
of Tables 2 and 3 provide powerful evidence of
shape maintenance capability. Our method has a
low semantic consistency performance compared with
existing methods but scores best in translating the
color and texture on Cityscapes and maintaining clear
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Table 2 Quantitative comparisons on Cityscapes

Semantic Style
consistency 1 (color/texture) 1

Method mloU 1 mAcc 1 allAcc T

SPADE 0.917 0.972/0.931 59.1 66.4 93.1
SEAN 0.930 0.957/0.921 56.7 63.9 92.9
CoCosNet 0.891 0.974/0.942 29.5 34.9 82.2
Ours 0.899 0.990/0.945 64.8 73.2 93.2

Table 3 Quantitative comparisons on ADE20K

Semantic Style
consistency 1 (color/texture) 1

Method mloU 1 mAcc 1 allAcc T

SPADE 0.861 0.873/0.890 46.0 53.4 83.9
CoCosNet 0.860 0.978/0.956 31.5 38.5 75.0
UNITE 0.872 0.968/0.954 34.2 41.6 75.6
Ours 0.832 0.955/0.890 49.6  58.2 84.4

boundaries of the segmentation mask. Overall, our
method is comparable to state-of-the-art methods.
User study. Our user study adopted an image
realism technique. For each algorithm, 20 synthesized
images were randomly sampled, and each image was

labeled with realism or artifacts by seven participants.

We provided the SR images of our method to make
In Table 1 and Fig. 11,
our method ranks the second, whereas CoCosNet

it convenient for users.

generates more natural images through adversarial
SPADE and SEAN are unsuitable for
producing natural-looking images.

training.

I SEAN

SPADE CoCosNet  mmm Ours

Realism

Artifacts

Fig. 11 User study of image realism and artifacts.

5 Conclusions and future work

Limitations. As shown in Fig. 12, our method can
recover the beard in the first two columns, but fails
in the last two. There are two possible explanations
for this observation. Our method iteratively refines
the output of the pretrained conditional diffusion
model in the denoising process to synthesize images.
However, the trained network may have a strong
internal memory of some facial attributes. Another
reason may be that our losses were not sufficiently
powerful to accurately capture the textures of the
given exemplar. This performance can be further
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LR (ours)

SR (ours)

Fig. 12 Limitations of our method.

improved by designing more powerful loss terms.
Future work. We preliminarily propose an
exemplar-based image-translation method using the
prevalent diffusion models. DDPM conditioned on
semantic maps was first trained and subsequently
guided via CCGD to generate the desired images.
Our method is comparable to the state-of-the-art
methods and can produce photorealistic images. In
the future, we will explore the following two aspects.
(1) More domains, including edge maps and pose
keypoints, should be considered in the exemplar-
based image translation. Most existing methods focus
on synthesizing images from the semantic domain
while neglecting other domains, which may also
have potential research value. (2) The single-diffusion
model is not applicable to high-resolution images. In
contrast to concatenating several diffusion models,
combining a diffusion model with GANs [26] can
generate high-resolution and photorealistic images in
shorter time. The latent diffusion model is trained
on the latent space of pretrained autoencoders to
reduce complexity and preserve detail, making high-
resolution image synthesis possible [38]. As DDPM is
now drawing increasing attention in image generation
and editing tasks, there is an urgent need to improve
the capability of DDPM to produce high-resolution
images in shorter time and with lower complexity.
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