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Target-Guided Diffusion Models for Unpaired
Cross-modality Medical Image Translation

Yimin Luo, Qinyu Yang, Ziyi Liu, Zenglin Shi, Weimin Huang, Guoyan Zheng, and Jun Cheng

Abstract—In a clinical setting, the acquisition of certain
medical image modality is often unavailable due to vari-
ous considerations such as cost, radiation, etc. Therefore,
unpaired cross-modality translation techniques, which in-
volve training on the unpaired data and synthesizing the
target modality with the guidance of the acquired source
modality, are of great interest. Previous methods for syn-
thesizing target medical images are to establish one-shot
mapping through generative adversarial networks (GANSs).
As promising alternatives to GANs, diffusion models have
recently received wide interests in generative tasks. In this
paper, we propose a target-guided diffusion model (TGDM)
for unpaired cross-modality medical image translation. For
training, to encourage our diffusion model to learn more
visual concepts, we adopted a perception prioritized weight
scheme (P2W) to the training objectives. For sampling, a
pre-trained classifier is adopted in the reverse process to
relieve modality-specific remnants from source data. Exper-
iments on both brain MRI-CT and prostate MRI-US datasets
demonstrate that the proposed method achieves a visually
realistic result that mimics a vivid anatomical section of
the target organ. In addition, we have also conducted a
subjective assessment based on the synthesized samples
to further validate the clinical value of TGDM.

Index Terms— Unpaired Learning, Cross-Modality Trans-
lation, Medical Image Synthesis, Diffusion Model, Guidance
Sampling.

[. INTRODUCTION

Medical imaging has become an increasingly essential tool
in modern healthcare, such as positron emission tomography
(PET), magnetic resonance imaging (MRI), X-rays, com-
puted tomography (CT), and ultrasound (US). Each modality
uniquely quantifies distinct characteristics of the underlying
anatomy [1]. Different imaging techniques have their own
advantages and disadvantages, which often complement each
other to provide clinicians with a more comprehensive un-
derstanding of patient conditions. However, the acquisition of
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Fig. 1. Two representative examples for cross-modality medical image
translation via DDIB. The patterns within the red bounding boxes are
the remnants from the source MRI input. The objective of this paper is
to optimize the diffusion model and reduce such patterns in translation
results.

certain modality is often restricted due to multiple consid-
erations, such as cost and radiation [2]. Accordingly, there
is a growing interest in cross-modality synthesis to obtain
a missing modality from a given source modality [3], [4].
Thanks to the recent advancements of deep learning methods,
we are getting closer to a promising path toward cross-
modality medical image translation [5], [6].

Current medical image translation methods are generally
divided into two main types: paired image-to-image trans-
lation and unpaired image-to-image translation [7]. Paired
approaches obtain a mapping that translates one image to
another based on paired training data. However, it is often
challenging and costly to obtained paired data clinically.
Therefore, unpaired methods become more attractive. For
example, we often need to register ultrasound images to
preoperative prostate MRI in image-guided surgery. However,
it is difficult to obtain paired MRI-US datasets to train a
robust registration model. To address this issue, unpaired
image translation techniques could be developed to obtain
large-scale paired MRI-US data. Generative adversarial net-
works (GANs) have been extensively developed and applied
to numerous medical translation tasks, including across MR
scanner synthesis [2], multi-contrast MR synthesis [8]-[10],
and cross-modality synthesis [11], [12]. Despite the remark-
able ability to synthesize realistic medical samples, GAN-
based methods indirectly characterize the distribution of the
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target modality through a generator-discriminator interplay
without considering the content fidelity [13]. This implicit
characterization is often susceptible to learning biases, such as
premature convergence and mode collapse. Moreover, GAN
models usually rely on a rapid one-shot sampling process
without intermediate iterations, which inherently restricts the
reliability of the mapping. Consequently, these limitations
often have a detrimental impact on the quality and diversity
of the synthesized images [14].

To address the above limitations, diffusion models employ
explicit likelihood characterization and a gradual sampling
process to enhance the fidelity of the synthesized images. The
originator of the diffusion is the denoising diffusion probability
model (DDPM) [15], which consists of two Markov chains.
One disturbs the data into a forward chain of noise and the
other converts the noise back to the reverse chain of the
data. Then, variational inference is used to gradually generate
samples consistent with the original data distribution. Due to
their stability in training and gradual generation mechanism,
diffusion models have great advantages over previous GANSs.
Sasaki et al. [16] pioneered the method of Unit-DDPM in
unpaired image translation tasks. Unit-DDPM is comprised
of two parallel diffusion processes for the source and target
modalities, where noisy samples from each modality were
given as conditional input to reverse diffusion steps for the
other modality. Recently, Su et al. [17] proposed dual diffusion
implicit bridges (DDIB), which has become a scalable and
rigorous addition to the family of unpaired image translation.
Despite its effectiveness to achieve translation between RGB
images, DDIB often retains some modality-specific informa-
tion from the original domain when applied to medical image
translation. Fig. 1 shows two representative results together
with their paired ground truth in different tasks. The first
example is from brain MRI-CT translation and the second
is from prostate MRI-US translation. As we can see in the
first example, the black patterns (lateral ventricle) in the red
rectangular appear in the translated results. However, such
patterns seldom appear in real CT data as CT cannot capture
some tissues due to strong attenuation of bones. Moreover, a
similar observation of white plaque can be found in the second
example. To overcome this limitation, we propose a target
guidance method to adopt a guidance representing global
discrimination to sampling process. In addition, to promote the
diffusion model to learn rich visual concept, we also introduce
a weighting scheme to pay more attention to visual content
learning at high noise level during training.

The main contributions of this work are summarized in the
following aspects:

o We propose a target-guided diffusion model (TGDM) for
unpaired medical image cross-modality translation. For
training, to encourage diffusion model to learn more vi-
sual concepts, we adopt a perception prioritized weighting
scheme (P2W) to the training objectives of diffusion. For
sampling, we further introduce a target-guided method in
its reverse process to reduce modality-specific remnants
of source data.

o Experimental results on brain MRI-CT and prostate MRI-
US translations demonstrated that the proposed method

is able to achieve cross-modality translation effectively.
Furthermore, a detailed analysis on guidance strength
and subjective assessments are provided to validate the
clinical value of the proposed method.

Il. RELATED WORKS
A. Diffusion Models

Diffusion models [15] learn a Markov chain, gradually
converting a Gaussian noise distribution into the data distribu-
tion on which the models are trained. The training procedure
usually involves two phases: a forward process and a reverse
process. Firstly, the forward process starts from the data
distribution g(z¢) and sequentially corrupts the data to (0, I)
with Markov diffusion kernels ¢ (z; | #;—1) defined by a fixed
variance schedule {ﬁt};[:l- The process can be expressed by:

T
g (@ | wo) = [[ (@i | me1) (D
t=1

q(@ | xim1) =N (wt; V1-—=Bxiq, BtI) ; 2

where the sample z( gradually loses its distinguishable fea-
tures as the step t increases. Meanwhile, we sample z; at
any arbitrary time step ¢ with A (x4; /@xo, (1 — ay) I) in
a closed form solution using reparameterization trick, where
ar = 1— 5 and oy = H§=1 «;. Subsequently, the reverse
(generative) process is defined as another Markov chain pa-
rameterized by 6, denoising an arbitrary Gaussian noise to a
clean data sample:

T
po (zo:r) = p (zT) Hp9 (@1 | @) 3)
t=1

po (i1 | @e) =N (e—1; o (1) , B (1)), (D)

where p (1) = N (x7;0,1).

Training is performed to maximize the model log likelihood
by minimizing the variational upper bound of the negative one.
By doing this, given a random Gaussian noise sample, we
synthesize a sample through this model. The classic objective
is derived as same as in [15]:

Letassic = ZEwo,t,e |:H€ — €p (\/Oiéitiﬂo + V1 — (ye, t) H2:|
t

&)

Thanks to the exceptional quality and rich diversity of the
generated samples, diffusion models have garnered remarkable
success for a variety of image-related applications in computer
vision fields, such as image generation [14], [15], [18]-[31]
image restoration [32]-[35], image translation [17], [36], [37],
and more. Capitalizing on the recent advances in computer
vision, we observe a growing interest in diffusion models
for medical imaging, especially the medical image synthesis.
Due to the bottlenecks in medical image annotation, including
the complexity of high-quality data collection, insufficient
experts, and patient privacy concerns, obtaining large scale
of annotated medical image datasets is very challenging. This
makes generative models increasingly useful. Miiller-Franzes
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Step 1: Pre-Training

Modality y,

Modality y,

Step 2: Target-Guided Sampling

Inverse sampling

Reverse sampling

Domain probability gradient
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Fig. 2. The pipeline of the proposed target-guided diffusion models (TGDM) for unpaired cross-modality medical image translation. Our method is
composed of two steps: pre-training and target-guided sampling. We pre-train a classifier on unpaired datasets from two different medical imaging
domains, and its architecture is given in Fig. 3. The pre-trained classifier provides the pre-trained diffusion model with target guidance during its
reverse sampling process. The target guidance is a probability gradient belonging to target domain.

et al. [38] presented a conditional latent DDPM for image
synthesis in the medical domain, and excessive experiments
showed that this method is a superior alternative to GANs
for generative tasks involving optical coherence tomography
(OCT), histology colorectal image, and chest x-ray image.
Similar diffusion model-based generative works for MRI and
PET can be found in [39] and [40] respectively. Moreover,
to remove noise in retinal OCT, Hu et al. [41] presented
a diffusion probabilistic model that is fully unsupervised to
learn from noise instead of signal. The experimental results
demonstrate that this model can significantly improve the
image quality of retinal OCT with a small training cost.

B. Cross-Modality Translation

Cross-modality translation is an effective solution that in-
volves synthesis of a missing target modality with the guidance
of an existing source modality. It is useful in many clinical
applications, such as CT or MRI based radiotherapy plan-
ning, sample synthesis, and fast MRI imaging [42]. Recent
advancements in deep learning have brought researchers closer
to a promising path to capture the conditional distributions
from the training data. Zhu et al. [43] designed a forward
and backward cycle model for unsupervised image-to-image
translation and proposed a cycle consistent adversarial network
(CycleGAN). CycleGAN has gained a lot of attention, and
inspired many new variants and extensions for medical appli-
cations, particularly in MR-to-CT synthesis [11], [44]-[47].
Choi et al. [48], [49] proposed a more advanced translation
network named StarGAN which translates the image with
richer textures than CycleGAN. StarGAN has also been intro-

duced for medical image translations on brain MRI translations
[50]. Abu-Srhan er al. [51] further improved StarGAN via a
new combination of non-adversarial losses for bidirectional
brain MR-to-CT synthesis. Yi et al. [52] proposed Dual GAN
for image translation from two sets of unlabeled images from
two domains. Zhang et al. [7] proposed NAGAN to achieve
noise adaptation on both OCT and ultrasound. These GAN-
based methods effectively transfer the intensity distributions
and reduce the domain gaps.

As promising alternatives to GANSs, diffusion models have
received interest for image translation tasks. Saharia et al. [37]
developed a unified framework for image-to-image transla-
tion based on conditional diffusion models, which greatly
inspired further innovations [53]. Besides conditional diffusion
models, Li et al. [54] proposed a Brownian bridge diffusion
model (BBDM), which models image-to-image translation as
a stochastic Brownian bridge process, and learns the transla-
tion between two domains directly through the bidirectional
diffusion process. To improve diversity in medical imaging
protocols, O zbey et al. [55] introduced a novel adversarial
diffusion model, namely SynDiff, for medical image trans-
lation. SynDiff embodies a considerable enhancement with
its innovative adversarial diffusion design. However, its trans-
lation performance is constrained due to the reliance on an
independent CycleGAN model trained from paired data syn-
thesis. Currently, diffusion models for cross domain translation
from unpaired data remain under-explored in medical imaging
fields, which is the focus of this paper.
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[1l. METHODS

In this paper, our target is to design a novel diffusion model
for unpaired image translation between two different medical
modalities. The source domain typically provides the content
of the images, while the target domain provides the domain-
specific style of the images.

A. Overview

Recently, a diffusion model based unpaired image trans-
lation method, namely DDIB, is innovatively proposed [17]
for image-to-image translation in natural images. Although
DDIB is promising for natural images, its use for medical
images faces some challenges due to large gaps between
different modalities in medical imaging. As illustrated in the
introduction, the depiction of human tissue exhibits significant
changes from one medical imaging modality to another. DDIB
shows limited effectiveness across different medical imaging
modalities. Its translation results often retain modality-specific
information from the original domain, which leads to unrealis-
tic results. To address this limitation, we improve the training
objective of diffusion with perception prioritized weighting
(P2W) and design a two-stage sampling process in which
strong guidance of target modality is introduced to provide
gradients. The overall pipeline is illustrated in Fig. 2.

B. Training Objective

As shown in Fig. 2, we need to train diffusion models
on the unpaired datasets. Su et al. [17] innovatively adopted
the diffusion model to unpaired image translation through a
special dual sampling process. Although it has lead to good
progress, the classic training objective does not include a better
content learning, which is important in image translation tasks.
For each step ¢, denoising score matching 1oss Lygiffusion 1S a
distance between two Gaussian distributions, which can be
rewritten in terms of noise predictor €g. At a low noise level,
the image sample is only slightly corrupted and recovering it
does not require prior knowledge of image contexts. However,
when sample is seriously corrupted, its contents are unrecog-
nizable, and we need to prioritize solving the pretext task of
these important noise levels.

Since the data distribution between two medical imaging
modalities is often different and we observe that the joint
training of two modalities can be performed stably. Here,
we design to embed the modality category information y in
the joint training process to fit a conditional distribution of
samples in specific modality. The entire training process is
unpaired. Moreover, Choi et al. [56] found that restoring data
corrupted with certain noise levels offers a proper pretext task
for the diffusion model to learn richer visual concepts, and they
proposed to assign higher weights to the loss at levels where
the model learns perceptually rich contents while minimal
weights to where the model learns imperceptible details. Since
using this training strategy can significantly improves the
performance of diffusion models in generative tasks, to further
promote translation content-consistency, the diffusion model
should pay more attention to visual content learning at high

noise level during training. Motivated by this, we improve and
redesign the weighting scheme of the objective function as

L= Bupe [W e = e (Vo + VI=are,p,t)||’]
t
(6)

where W represents the P2W and is introduced in Lgiffusion tO
prioritize learning from more important noise levels. Here, W
is calculated as

W = ! =+v1— . 7
V3i+ta/(1—a)

On the other hand, to achieve our target guidance sampling,
we pre-train a diffusion model €y (x; | y) with category em-
bedding as well as a two-class (source and target data) clas-
sifier py (y | ;) with time ¢ information embedding, where
y represents the target modality label. In this paper, we use
a classifier architecture which is simply the down-sampling
trunk of the U-Net model with an attention pool, as presented
in Fig. 3, and the loss function is as follows:

Lpre»classiﬁer - Z ]Exo,e H |y — Py (xh t) Hc] (8)
t

where || - || represents the cross-entropy loss function.

C. Target Guidance Sampling

After obtaining a diffusion model and a classifier trained on
the original sample sets, we come to a two-stage sampling pro-
cess. The overall sampling algorithm is in Algorithm 1. Since
DDIB often retains modality-specific information in cross-
modality translation tasks, strong modality information should
be used in the sampling process for better translation results.
Recently, Zhao et al. [58] found that embedding an energy
function of cross-domain correlation to the sampling process
of the diffusion models can obtain a conditional distribution
between the two domains. Dhariwal and Nichol [14] found
that the classifier guidance enables the diffusion model to
generate a more class-consistent image from a random Gaus-
sian noise. Motivated by these works, we propose a target-
guided sampling process in this paper. Our sampling has two
main steps: inverse sampling and target guidance sampling.
We firstly obtain latent code from source data through an
inverse sampling. Then, we synthesize its counterparts in target
domain through a reverse sampling process.

Hereby, we exploit the reverse process of a DDIM sam-
pling and source-target classifier guidance sampling to further
synthesize the target samples. According to [59], we infer a
stochastic latent code by running the deterministic generative
process of DDIMs in reverse:

xr — V1 — ayeq (4 | yz)) "
Vay )
V31— i€ (x4 | yi)

Finally, we translate the target samples based on the pre-
trained diffusion model €p (z;,¢) by iteratively using the
modality probability gradients V,, slogpe (y; | ;) from our

Ti41 = Vg1 (
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Fig. 3. The architecture of our pre-trained classifier. This classifier is the down-sampling trunk of the U-Net model with an attention pool [57] at the
8 X 8 layer. The output of this classifier is the probability gradient of the image input belonging to target domain.

pre-trained classifier py (y | z;). Our target-guided diffusion
model performs this classifier guidance sampling by iteratively
replacing ey (x; | y;) in each sampling step with

— V1 —=a;- Vg, slogpg (yi | 1),
(10

where the coefficient s is called the guidance scale. Hereby, s
represents how close the translated results to the target modal-
ity. In our tasks, we find that an appropriate guidance scale is
beneficial to achieve high-quality medical image translation.
A large scale may contribute to the loss in diversity.

Compared to DDIB, the establishment of pg(x¢_1|x:) is
changed to pg(zi—1|xs,y). Since,

€0 (x| yi) = eo (x4 | yi)

p(e—1)pY|7i-1)

p(ze-1ly) = (1)
' p(y)
Adding condition z; to each item, we obtain:
Ti—1|x Ti—1,T
pole sl y) == LD 3) g,

p(ylre)

where z, represents the resultant image after adding noise on
x;—1. Since z; has extremely small impact on the classifica-
tion, we have

~ po(ylTi-1) 13)

Substituting Eq. (13) into Eq. (12), we obtain

p¢(y|xt_1, )

po(ws_y|xs) o8 PoWlze—1)=logps(ylze)
(14)
Hence, we exploit the gradients V,logp,(y|x¢,t) to guide
our diffusion model towards the target modality y. By doing
this, our sampling process incorporates the global modality
information for better translation results.

pe(xt—l\xt, )

D. Evaluations

Assessing the performance of cross-modality medical im-
age translation techniques poses a significant challenge as
acquiring paired samples can be arduous clinically. When
paired reference images from the target modality are available
for validation, the standard evaluation metrics used are the
peak signal-to-noise ratio (PSNR), and structural similarity
(SSIM). In addition, we also use Fréchet Inception Distance

Algorithm 1 Target-guided Diffusion Model Sampling.

Input: Source &, Implicit diffusion model ey (x, t), Modal-
ity classifier p,,(y|x¢,t), label y, gradient scale s, Reverse
sampling steps L, Sampling steps T’
Stage 1: obtain latent code from source data
1: for!l=1,2,---,L—1do
22 m+<+x if =1 else m < m; // m represents the
intermediate variable of Gaussian noise interference

3: eel) — eg(m,l)
4: miy1 Vapg1 - € ) + \/(1—07l+1)(5q—1) .
m !
(ﬁiﬁ — €
5: end for

Stage 2: obtain target data from latent code
6: fort=T,T—1,---,1do
7. x <+ mp if t=T else x < x;
8 egt) —eo(x,t) — 1 —a-s- Vg, logp,(y|z:, t)
9

oI
100 e~N(,1I) if t<T else €< 0

—J1 (t) —
11: Ti—1 < Q1 (t%) + 1 —Ozt,lof .

eét) + 04 €
12: end for
13: return xq // the translated result

(FID) [60], which is used to quantify the discrepancy between
the probability distributions of synthetic and real volumes.
When paired reference images are unfortunately unavailable,
as shown in [61], [62], only FID [60] is used. As FID
tends to penalize non-GAN models, we also adopt subjective
evaluation to further validate the clinical acceptance of the
translated results. In this work, seven clinicians from the
ultrasonography department have been invited to anonymously
evaluate and compare the translated US results using a voting
assessment approach.

IV. EXPERIMENT

In this section, we exploit the proposed method to two
unpaired cross-modality medical image translation tasks. We
show the details of our experimental results.
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Input MRI CycGAN Unit-DDPM  StarGAN

Source

DDIB Ours Ours Ground Truth
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Fig. 4. The visual comparison of the brain MRI to CT translation results from three directions (X, Y, and Z). From left to right: the input brain MRI
images, and the translation results of CycleGAN, Unit-DDPM, StarGAN, DDIB, our method without and with guidance (guidance scale s = 5).

A. Dataset and Implementation

MRI-CT brain is a new dataset consisting of 3D MRI-CT
brain scans from 50 different patients, which is slightly higher
than those in [63] and [64]. Our dataset comprises images
acquired in the head region for clinical purposes such as
dementia, epilepsy, and brain tumor grading. The MRI images
in our dataset have a voxel spacing of 0.8 x 0.8 x 0.8 mm?,
while the CT images have a voxel spacing of 0.9 x 0.9 x 2.5
mm?. To align the two modalities, we perform registration and
sample the aligned images with a voxel spacing of 1.0 x 1.0 x
1.5 mm?. The gray values of the CT images are uniformly
distributed in the Hounsfield unit range of [—1024,2252.7].
To ensure consistency, we resample all the training data to
an isotropic resolution and normalize each MR image to have
zero mean and unit variance. For the CT images, we normalize
them to the range of [0, 1], expecting that the synthetic values
generated as output would also fall within the same range.
The final synthetic CT image is obtained by multiplying the
normalized output with the Hounsfield unit range observed in
our training data. As we have ground truth (paired CT samples)
for validation, we use PSNR, SSIM, and FID for translation
performance evaluation. Experimentally, we analyzed brain

MRI and CT images from 50 patient subjects and each subject
has MRI-CT mage pairs from three imaging directions (X,Y,
and Z). We use 4725 samples from 35 subjects for training
and 1800 samples from 15 subjects for validation.

Prostate-MRI-US-Biopsy is a new dataset which is ex-
tracted from [65]. In the dataset, only the T2 weighted MRI
is available and the 3D ultrasound is reconstructed from series
of 2D ultrasound images. The original 2D ultrasound images
are not included in the dataset. This dataset was derived
from tracked biopsy sessions using the Artemis biopsy system
and comprises 1,600 MRI images and 1,600 reconstructed
ultrasound images selected and cropped from 160 subjects
with the coronal section of the prostate in the centre of the
patch, and their patch sizes are both 320 x 320 pixels. Most
of these samples can clearly display the left and right lobes
of the prostate. Moreover, we also select another 5 subjects
there the ultrasound data is most close to the MRI for the
performance evaluation of different methodologies. Since we
don’t have strictly paired ultrasound with golden ground truth
for validation, we only use FID for translation performance
evaluation. In addition, we have also invited clinicians to
anonymously evaluate and compare the translated ultrasound



YIMIN LUO et al.: TARGET-GUIDED DIFFUSION MODELS FOR UNPAIRED CROSS-MODALITY MEDICAL IMAGE TRANSLATION 7

TABLE |
TRANSLATION RESULTS ON THE MRI-CT DATASET

Methods | PSNRT | SSIM? | FID|

CycleGAN [43] | 18.08 | 0.695 | 95.46

Unit-DDPM [16] | 15.86 | 0.548 | 145.72

StarGAN [49] 1641 | 0559 | 152.01

DDIB [17] 15.55 | 0.524 | 122.45

Ours (s = 5) 18.62 | 0.612 | 71.03
TABLE Il

AN ABLATION STUDY AND ANALYSIS ON P2W AND TARGET
(CLASSIFIER) GUIDANCE ON THE MRI-CT DATASET.

Guidance P2W | PSNR SSIM  FID
s=0 X X 1555 0.524 12245
s=0 X v | 1853 0.633 73.18
s=0.5 v v | 1855 0.637 7293
5= v v | 1858 0.640 7236
s=3 v v | 18.60 0.626 71.45
s=5 v v | 18.62 0612 71.03
s=10 v v | 18.63 0595 70.72

results using a voting assessment approach.

Experimentally, we implement the proposed TGDM using
PyTorch 1.8.0. We conduct the diffusion training on a system
with an NVIDIA QUADRO GV100 (32GB PCIE) GPU and
the classifier training on an NVIDIA RTX 3090 (24GB PCIE)
GPU.

B. MRI-CT Translation

For the brain MRI-CT dataset, we compare the proposed
diffusion model-based method to four well-known unpaired
image translation methods including CycleGAN [43], Unit-
DDPM [16], StarGAN [49], and DDIB [17]. Fig. 5 illustrates
the visual comparisons of our method and other methods
on this dataset, and the translation CT results are displayed
from three directions (X, Y, and Z). It can be witnessed that
DDIB results preserved black patterns in the brain center
region from its source MRI input and our method with target
guidance (guidance scale s = 5) can obviously improve this
drawback. Note that, the edge of DDIB results is much brighter
than ground through and other methods, which seriously
impacts the authenticity of the translation results. However,
we observe notably poor and unstable performance for all
examined methods. The MRI to CT results show superior
performances for CycleGAN in some cases, where CycleGAN
is able to completely hide the anatomical structures in the
resulting CT scan. On the other hand, CycleGAN shows worse
performance in other cases, where there are obvious residuals
of the anatomy. The same situation can be witnessed in Unit-
DDPM results. Unit-DDPM comprises two parallel diffusion
processes for the source and target modalities, where noisy
samples from each modality are given as conditional input to
reverse diffusion steps for the other modality. In this work,
the difference between the two modalities is too significant,

the soft tissue information on MRI samples which is scarcely
present in its CT counterparts should be fully removed. It is
an extremely challenging task to current diffusion models, and
it is also worth further research.

To sum up, according to our initial comparisons to previous
DDIB, our diffusion model can preserve better style of the
target CT modality and anatomical information and achieves
relatively better visual results and stability. As we have ground
truth for validation, moreover, we use PSNR, SSIM, and FID
for performance evaluation. Table I compares average results
of the mentioned methodologies. It can be witnessed that our
TGDM shows better translation performance than previous
DDIB by achieving higher PSNR and SSIM as well as lower
FID. Although this method is not particularly advantageous
over CycleGAN, it is still overall better than it. All differences
are found to be statistically different using a paired t-test
(p < 0.01).

Ablation Study and Analysis: We have also conducted a
comprehensive ablation study to validate the effectiveness of
the target guidance in the sampling process and P2W in the
training process. The results of this study are presented in
Table II. As displayed in Eq. (10), the coefficient s represents
the guidance scale, and this parameter is significant to how
closed the translated results to the target medical imaging
modality. Accordingly, s = 0 represents the guidance scale
in the sampling process is 0, which means no guidance. In
this table, we firstly compare the performance of our method
without guidance in the sampling process with the previous
diffusion models that use classic objective in the training
process. It can be witnessed that P2W promotes diffusion
model training and achieves obviously better PSNR, SSIM,
and FID results. Moreover, we make a further analysis on
the selection of this parameter as well as its influences on
the sampling process. Table II also compares the average
evaluation results under different s. Along with the increase
of the guidance scale s, the PSNR gradually increases, while
the FID slightly decreases. For SSIM, note that, it initially
increases and then decreases.

Overall, we determine that P2W has efficacy in training
diffusion models for unpaired cross-modality medical image
translation tasks. Nonetheless, there is only marginal differ-
ences in PSNR, SSIM and FID by using different scales in the
sampling process. Accordingly, optimizing the training process
of diffusion model is necessary and the domain probability
gradients provided by a pre-trained classifier in the sampling
process still have limited effect on removing modality-specific
remnants of source data. Therefore, more specific and local
guidance, such as contour and segmentation mask, is essential
for improvement.

C. MRI-US Translation

Moreover, we also do a further validation on another MRI-
US dataset. Fig. 5 illustrates the visual comparisons of our
TGDM and other methods on this dataset. There are significant
differences between different examined methods on these
tasks. Visibly, previous DDIB provided much brighten results,
which means that it can hardly learn the data distribution
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Input MRI CycleGAN

Unit-DDPM

Source

StarGAN DDIB

Target

Fig. 5. The visual comparison of the prostate MRI to ultrasound translation results. From left to right are the input prostate MRI images, and the
translation results of CycleGAN, Unit-DDPM, StarGAN, DDIB and our method.

TABLE IlI
TRANSLATION RESULTS ON THE MRI-US DATASET

Methods | FIDy
CycleGAN [43] | 316.54
StarGAN [49] 371.32
Unit-DDPM [16] | 284.75
DDIB [17] 355.28
Ours 143.33

during the diffusion model training. Our method reduces this
drawback and modality-specific remnants of the input MRI
data. The result of CycleGAN displays clear contour and
texture information which does not usually occur in ultra-
sound samples. Moreover, Unit-DDPM produced very blurred
translation results, but these results show less modality-specific
remnants than our method. Finally, StarGAN produced dack
and very blurred translation results.

Since we do not have ground truth, we can only use
FID for evaluation. Table III compares average results of
the mentioned methods. There are also significant differences
between different examined methods in terms of FID, which
may result from the small size of our validation dataset. All
differences were found to be statistically different using a
paired t-test (p < 0.01). Overall, it can be clearly witnessed
that our TGDM show better translation performance than those
methods by achieving lower FID.

Clinician Assessment: Due to the lack of strictly paired
data acted as ground truth, we should seek other approaches to
strengthen our validation. To further validate the clinical value
of the MRI-US translation, in addition, seven clinicians from
the ultrasonography department of two hospitals evaluated
and compared translation results using a voting assessment

approach. For each MRI image, we translate it to an ultra-
sound image using three different methods (CycleGAN [43],
StarGAN [48], and ours). Then the three translated ultrasound
images are shown together with the MRI image to the clini-
cians, who were asked to select the one that is most likely to be
a real ultrasound image with acceptable quality based on their
experiences. If none of the three images are acceptable, the
vote will go to ‘Give up’. Ten sets of images are used in our
subjective test and the voting scores were tallied among seven
clinicians and are compared in Fig. 6. Notably, according to
our investigation, the proposed method also had the highest
votes when comparing to GAN-based methods, which displays
the potentials of diffusion to unpaired cross-modality medical
image translation.

The inherent subjectivity among the seven observers renders
the straightforward voting outcome somewhat less persuasive.
Nonetheless, it is witnessed that clinicians are receptive to
synthetic medical images, particularly those generated using
diffusion models. Consequently, we are optimistic about the
potential of this approach, and anticipate the possibility of
extending validation to downstream applications, such as di-
agnosis and registration, in subsequent research.

D. Discussions

Despite desirable medical image translation results, our
method requires a pre-trained classifier in the model training,
which leads to some additional effort when the method is
used for new data. Secondly, our current study is still at early
stage and the size of the dataset is not large. Therefore, we
only evaluated the method in a small validation set. Further
evaluation in large dataset in downstream tasks would be
helpful in future work. We hope this work can help to attract
more researchers to work on medical image translation with
more data.
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Voting totals

32
30
20 17 18
10
3
. Methods
CycleGAN  StarGAN Ours Give up

Fig. 6. Clinician voting results on the Prostate-MRI-US-Biopsy dataset
via three translation methods: CycleGAN, StarGAN, and our method.
We additionally set a choice 'give up’ for the invited clinicians which
represents 'no preference to these translation results’

V. CONCLUSION

Diffusion models have emerged as promising alternative
to GANs, garnering considerable attention in recent image
generation tasks. Despite their potential, diffusion models
have not yet been extensively considered for unpaired cross-
modality translation in medical imaging. Previous unpaired
diffusion model-based image translation methods, such as
DDIB, cannot work well to remove remnants in medical image
translations. To address this issue, this paper introduces a target
guidance diffusion model for unpaired cross-modality medical
image translation. During training, our model incorporates a
P2W to enrich the learning of diverse visual concepts. In
the sampling process, a pre-trained classifier is employed
within the reverse process to mitigate the modality-specific
features from the source data. Evaluations conducted on both
brain MRI-CT and prostate MRI-US datasets demonstrate
that our target guidance diffusion model presents superior
translation quality, with fewer remnants of the original medical
imaging modality. This indicates that diffusion models hold
promise for unpaired cross-modality medical image translation
tasks. Furthermore, seven clinicians from the ultrasonography
department were invited to provide an assessment based on
the translated samples to validate the clinical value.
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