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Abstract— Imputation of missing images via source-to-
target modality translation can improve diversity in medical
imaging protocols. A pervasive approach for synthesizing
target images involves one-shot mapping through gener-
ative adversarial networks (GAN). Yet, GAN models that
implicitly characterize the image distribution can suffer
from limited sample fidelity. Here, we propose a novel
method based on adversarial diffusion modeling, SynDiff,
for improved performance in medical image translation.
To capture a direct correlate of the image distribution,
SynDiff leverages a conditional diffusion process that pro-
gressively maps noise and source images onto the target
image. For fast and accurate image sampling during in-
ference, large diffusion steps are taken with adversarial
projections in the reverse diffusion direction. To enable
training on unpaired datasets, a cycle-consistent architec-
ture is devised with coupled diffusive and non-diffusive
modules that bilaterally translate between two modalities.
Extensive assessments are reported on the utility of Syn-
Diff against competing GAN and diffusion models in multi-
contrast MRI and MRI-CT translation. Our demonstrations
indicate that SynDiff offers quantitatively and qualitatively
superior performance against competing baselines.

Index Terms— medical image translation, synthesis, un-
supervised, unpaired, adversarial, diffusion, generative

[. INTRODUCTION

Multi-modal imaging is key for comprehensive assessment
of anatomy and function in the human body [1]. Comple-
mentary tissue information captured by individual modalities
serve to improve diagnostic accuracy and performance in
downstream imaging tasks [2]. Unfortunately, broad adoption
of multi-modal protocols is fraud with challenges due to
economic and labor costs [3]-[6]. Medical image translation is
a powerful solution that involves synthesis of a missing target
modality under guidance from an acquired source modality
[7]1-[10]. This recovery is an ill-conditioned problem given
nonlinear variations in tissue signals across modalities [11]-
[13]. At this juncture, learning-based methods are offering per-
formance leaps by incorporating nonlinear data-driven priors
to improve problem conditioning [14]-[17].

Learning-based image translation involves network models
trained to capture a prior on the conditional distribution of
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target given source images [18]—[20]. In recent years, gener-
ative adversarial network (GAN) models have been broadly
adopted for translation tasks, given their exceptional realism
in image synthesis [21]-[26]. A discriminator that captures in-
formation regarding the target distribution concurrently guides
a generator to perform one-shot mapping from the source
onto the target image [27]-[31]. Based on this adversarial
mechanism, state-of-the-art results have been reported with
GANSs in numerous translation tasks including synthesis across
MR scanners [23], multi-contrast MR synthesis [21], [25],
[27], [32], and cross-modal synthesis [33]-[35].

While powerful, GAN models indirectly characterize the
distribution of the target modality through a generator-
discriminator interplay without evaluating likelihood [36].
Such implicit characterization is potentially amenable to learn-
ing biases, including premature convergence and mode col-
lapse. Moreover, GAN models commonly employ a rapid one-
shot sampling process without intermediate steps, inherently
limiting the reliability of the mapping performed by the
network. In turn, these issues can limit the quality and diver-
sity of synthesized images [37]. As a promising alternative,
recent computer vision studies have adopted diffusion models
based on explicit likelihood characterization and a gradual
sampling process to improve sample fidelity in unconditional
generative modeling tasks [37], [38]. However, the potential
of diffusion methods in medical image translation remains
largely unexplored, partly owing to the computational burden
of image sampling and difficulties in unpaired training of
regular diffusion models [38].

Here, we propose a novel adversarial diffusion model for
medical image synthesis, SynDiff, to perform efficient and
high-fidelity modality translation (Fig. 1). Given the source
image, SynDiff leverages conditional diffusion to generate the
target image. Unlike regular diffusion models, SynDiff adopts
a fast diffusion process with large step size for efficiency.
Accurate sampling in reverse diffusion steps is achieved by
a novel source-conditional adversarial projector that denoises
the target image sample with guidance from the source
image. To enable unsupervised learning, a cycle-consistent
architecture is devised with bilaterally coupled diffusive and
non-diffusive processes between the two modalities (Fig.
2). Comprehensive demonstrations are performed for multi-
contrast MRI and MRI-CT translation. Our results clearly
indicate the superiority of SynDiff against competing GAN
and diffusion models. Code for SynDiff is publicly available
at https://github.com/icon-lab/SynDiff.

Contributions

o We introduce the first adversarial diffusion model in the
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Fig. 1: a) Regular diffusion models gradually
transform between actual image samples for
the target modality (Xg) and isotropic Gaus-
sian noise (XT) in T steps, with T on the
order of thousands. Each forward step (right
arrows) adds noise to the current sample to
create a noisier sample with forward transi-
tion probability g (Xt+1jXt). Each reverse step
(left arrows) suppresses the added noise to
create a denoised sample. For image trans-
lation, a source modality (Yy) can also be
provided as conditioning input to the reverse
steps resulting in a reverse transition prob-
ability q (Xt—1jXt;y) assumed to be Gaus-
sian, and operationalized via a neural net-
work p (Xt—1jXt;Y) that estimates its mean.
b) The proposed adversarial diffusion model
performs fast transformation between Xg and
X1 in T=Kk steps, with step size K 1.
Each forward step adds a greater amount to
noise to compensate for large K, breaking apart
the normality assumption for reverse transition
probabilities q (X¢_kjXt; ¥). To improve accu-
racy, reverse diffusion steps are operationalized
via a novel adversarial projector that uses a
generator G and a discriminator D . G first
produces an estimate of the target image Xg
given Xt and Y, and a denoised image sample
Ri¢_k is then synthesized from the denoising
distribution g (X¢_kJjXt; X0). Meanwhile, D

distinguishes between actual (X¢_k) and syn-
thetic samples (X¢_k) for the denoised image.
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literature for high-fidelity medical image synthesis.

o We introduce the first diffusion-based method for unsu-
pervised medical image translation that enables training
on unpaired datasets of source-target modalities.

o We propose a novel source-conditional adversarial pro-
jector to capture reverse transition probabilities over large
step sizes for efficient image sampling.

[I. RELATED WORK

To translate medical images, conditional GANs perform
one-shot source-to-target mapping via a generator trained
using an adversarial loss [23]. Adversarial loss terms are
known to improve sensitivity to high-frequency details in
tissue structure over canonical pixel-wise losses [21]. As
such, GAN-based translation has been broadly adopted in
many applications. Augmenting adversarial with pixel-wise
losses, a first group of studies considered supervised training
on paired sets of source-target images matched across sub-
jects [24], [26]-[30]. For improved flexibility, other studies
proposed cycle-consistency or mutual information losses to
enable unsupervised learning from unpaired data [21], [33],
[39]-[44]. In general, enhanced spatial acuity and realism
have been reported in target images synthesized with GANs
when compared to vanilla convolutional models [21]. That
said, several problems can arise in GAN models, including
lower mapping reliability for the one-shot sampling process
[37], premature convergence of the discriminator before the
generator is properly trained [31], and poor representational
diversity due to mode collapse [36]. In turn, these problems
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can lower sample quality and diversity, limiting generalization
performance of GAN-based image translation.

As a recent alternative to GANSs, deep diffusion models have
received interest for generative modeling tasks in computer
vision [37], [38]. Starting from a pure noise sample, diffusion
models generate image samples from a desired distribution
through repetitive denoising. Denoising is performed via a
neural network architecture trained to maximize a correlate
on data likelihood. Due to the gradual stochastic sampling
process and explicit likelihood characterization, diffusion mod-
els can improve the reliability of the network mapping to
offer enhanced sample quality and diversity. Given this po-
tential, diffusion-based methods have recently been adopted
for unimodal imaging tasks such as image reconstruction
[45]-[49], unconditional image generation [50], and anomaly
detection [51], [52]. Nevertheless, these methods are typically
based on unconditional diffusion processes devised to process
single-modality images. Furthermore, current methods often
involve vanilla diffusion models that rely on a large number
of inference steps for accurate image generation. This pro-
longed sampling process introduces computational challenges
in adoption of diffusion models.

Here, we propose a novel adversarial diffusion model for
improved efficiency and performance in medical image trans-
lation. Note that translation involves a nonlinear intensity
mapping from source- onto target-modality images of a given
subject’s anatomy [11]. Since the underlying tissue structure
is common between modalities, the source image contains
critical information to constrain the structure depicted in the
synthesized target image [10]. To improve anatomical accuracy



OZBEY et al.. UNSUPERVISED MEDICAL IMAGE TRANSLATION WITH ADVERSARIAL DIFFUSION MODELS 3

in target images, SynDiff leverages a conditional diffusion
process where high-quality structural information from actual
source images are provided as conditioning input to reverse
diffusion steps. For this purpose, a novel source-conditional
adversarial projector is employed that provides efficient and
accurate image sampling over few large diffusion steps. Note
also that supervised training of reliable translation models
requires access to paired source-target images acquired from
a large number of subjects [23]. Yet, multi-modal imaging
of a large cohort is challenging due to economic and time
costs [21]. While a cycle-consistent architecture can be formed
via bilateral diffusive processes between source and target
modalities, relatively slow training and poor efficiency of reg-
ular diffusion models can limit performance [38]. To improve
efficacy in unsupervised learning, SynDiff leverages a non-
diffusive module within a novel cycle-consistent architecture
to produce source-image estimates paired with target images
in the training set. To our knowledge, SynDiff is the first
adversarial diffusion model for medical image synthesis, and
the first diffusion-based method for unsupervised medical
image translation in the literature. Based on these unique
advances, we provide the first demonstrations of unsupervised
translation in multi-contrast MRI and multi-modal MRI-CT
based on diffusion modeling.

Few recent studies have considered improvements on vanilla
diffusion models with partially related aims to our proposed
method. A study on natural image generation has used an
adversarial diffusion model, DDGAN, to improve efficiency
in reverse diffusion steps [53]. DDGAN is an unconditional
diffusion model that generates random images starting from
noise; and it uses an adversarial generator for reverse diffusion
without guidance from a source image. In contrast, SynDiff is
a conditional diffusion model that translates between source-
and target-images of an anatomy. It uses a source-conditional
adversarial projector for reverse diffusion to synthesize target
images with anatomical correspondence to a guiding source
image. Besides the diffusive module, SynDiff also embodies
a non-diffusive module to permit unsupervised training. A
study on unsupervised translation of natural images has pro-
posed a non-adversarial diffusion model, UNIT-DDPM [54].
Based on the notion that source-target modalities share a
latent space, UNIT-DDPM uses parallel diffusion processes
to simultaneously generate samples for both modalities in a
large number of reverse steps; and the noisy source-image
samples drawn from the source diffusion process are used to
condition the generation of target images in the target diffusion
process. In contrast, SynDiff uses an adversarial projector
for efficient sampling in few steps; and it leverages source-
image estimates that are produced by a non-diffusive module
to provide high-quality anatomical guidance for synthesis. A
recent study has independently considered a conditional score-
based method, UMM-CGSM, for imputation of missing se-
quences in a multi-contrast MRI protocol [55]. UMM-CGSM
uses a non-adversarial model with relatively large number of
inference steps; and it performs supervised training on paired
datasets of source-target images. In contrast, SynDiff adopts
an adversarial diffusion model for efficient sampling over few
steps; and it can perform unsupervised learning.

TABLE I: Description of variables related to images, diffusion
processes, networks and probability distributions. Throughout the
manuscript, vectorial quantities are annotated in bold font.

Images
x0 Actual target-image sample
@t Noisy target-image sample at time step t

Noisy target-image sample at time step T,
o (i.e., drawn from isotropic Gaussian distribution)
Yy Guiding source image
Tr_Kk Actual target-image sample at time step t — k
B¢k Synthesized target-image sample at time step t — k
mé\, wg Unpaired training images from modalities A and B
A b Source images estimated by non-diffusive module
m@; w(',a Target images synthesized by non-diffusive module
Q'g‘; :ﬁg Target images synthesized by diffusive module

Regular diffusion

t Noise variance for regular diffusion at time step t

€ Standard normal random vector
u(ze; 1) Bz 1)

Network estimates for mean and covariance

of the conditional distribution of x¢_1 given ¢

t 1— ¢
7t Hr:[o;l;::;t] r
€ (xzt;t) Network estimate for the added noise at time step t
Adversarial diffusion
k Step size for fast diffusion

t Noise variance for fast diffusion at time step t
T mins max Parameters that control the progression of noise variance
fi Feature maps in the ith subblock of the diffusive generator
m Learnable temporal embedding added onto feature maps

to encode the time step t

t 1— ¢
ot Hr=poug v
Networks
Gg‘; Dg Non-diffusive generator-discriminator pair for learning

to estimate a source image ¥ given cz:(')3

Gg; Dg Non-diffusive generator-discriminator pair for learning
to estimate a source image 3= given acOA

GS‘; D'g‘ Diffusive generator-discriminator pair for learning
to synthesize a target image Qﬁ_k given a;tA

GBB; DeB Diffusive generator-discriminator pair for learning

to synthesize a target image @?,k given m?

Probability distributions

q(xo) Actual image distribution

q(zt|et—1) Forward transition probability

q(ze—1|zt) Reverse transition probability

p (er—1|zt) Network estimate for reverse transition probability
q(er—k|xt; y) Reverse transition probability for fast conditional

diffusion with step size k > 1

po(zi—k|Tt; y) Network estimate for reverse transition probability

in fast conditional diffusion with step size k > 1

[1l. THEORY
A. Denoising Diffusion Models

Regular diffusion models map between pure noise samples
and actual images through a gradual process over T time steps
(Fig. 1a). In the forward direction, a small amount of Gaussian
noise is added repeatedly onto an input image Xo  ((Xg) to
obtain a sample Xt from an isotropic Gaussian distribution
for sufficiently large T. Forward diffusion forms a Markov
chain where the mapping from X¢_1 to X and the respective
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forward transition probability are: 1) Adversarial Diffusion Process: Regular diffusion models
X¢ = P T Xt 1+ ¢ N (0:1) (1) prescribe relatively largd such that the step size is suf-
) S ciently small to satisfy the normality assumption in Eq. 3, but
Q(xejxe 1) = N Xei 1 X g5 o () this limits ef ciency in image generation. Here, we instead
where ; is noise variance, is added noisel is a Gaussian propose fast diffusion with the following forward steps:
distribution, | is an identity covariance matrix. Reverse diffu- Xt = P 1 (Xt k+ P o (8)
sion also forms a Markov chain fromy ontoxg, albeit each . p_—
step aims to gradually denoise the samples. Under largad gxepxe )= N Xt 1 X kGl ©)

small ¢, the reverse transition probability betwerep 1 and wherek 1 is step size. The noise variancgis set as:
Xt can be approximated as a Gaussian distribution [56], [57]: =1 o mnt O ) 22 (10)

_ _Q(Xt ) = N (Xt 23 (Xf;t); _ (Xt 1) 3) min@nd .., control the progression of noise variance in an
Diffusion models typically operationalize each reverse d'%xponential schedule [59].

fusion step as mapping through a neural network that provides
estimates for and/or . Training is then performed by Guidance from a source image)(is available during
minimizing a variational bound on log-likelihood: medical image translation, so a conditional process is proposed
p (XoT) in the reverse diffusion direction. Note that, for 1, there is
a(X11iX0) Eqtxo) [10g P (X0)] no closed form expression fatx; «jx:;y) and the normality
(4) assumption used to compute Eq. 4 breaks down [38]. Here
where E; denotes expectation ovey, p is the network we introduce a novel source-conditional adversarial projector
parametrization of the joint distribution of input variables, to capture the complex transition probabilityx: «jXt;y)
are network parametergo.t denote the collection of image for large k in our conditional diffusion model, as inspired
samples between time stef@sand T, and x1.7jXxo denote by a recent report on unconditional generation of natural
image samples between time stepsnd T conditioned on images using adversarial learning to captafe; «jx) [53].
the sample at time stefp The bound can be decomposed agn SynDiff, a conditional generatoG (x;y;t) performs
Lw = logp (Xojx1) gradual denoising in each reverse step to synthekizg
< p (Xt kjXt;y). G receives the image paik{(,y) as a two-
KL (q(x¢ 1jX0:%0)jip (Xt 1jx1))  (B) channel input, and it extracts intermediate feature miaps
(=1 wherei 2 [1;::;N] is the subblock index in an encoder-
where KL denotes Kullback-Leibler divergence, andlecoder structure [59]. A learnable temporal embedding
KL (q(xTjX0o)ji p(xT)) is omitted as it does not depend oris computed givent, and this embedding is added as a
. A common parametriéation omits to focus on : channel-speci ¢ bias term onto the feature maps in each
subblock [59]:f Y = f, + m. Meanwhile, a discriminator
(X 1) = Plj@xt gt xchA  (6) D (FRe k orx @x¢;t) distinguishes samples drawn from
t - estimated versus true denoising distributiops(X «kjXt:;Vy)

2tk k2

Lvb = EQ(Xo:T) lOQ

1
~ - Q ! vs.q(Xt kjXt;Y)). D receives eithend;,®: k) or (X¢,Xt k)
where =1 cand (= " 5.4 -INEQ.6, can z5 3 two-channel input. The temporal embeddingis also
be derived if the network is used to estimate the added noiggged as a bias term onto the feature maps a@os# non-
by minimizing t'ﬂe following loss [5pS]: i saturating adversarial loss is adopted @r [60]:
Ler = Etxo; K ( ot 1 itk () Le = Erqxixowdp (xe wixey[ 109(D Re k))] - (12)

wheret, Xo and are sampled from the discrete unifornwheret U (fO;k;:::; Tg), and the discriminator arguments
distributionU(0; T), q(xo) andN (0; 1), respectively. During are abbreviated for brevityp also adopts a non-saturating
inference, reverse diffusion steps are performed starting fradversarial loss with gradient penalty [61]:
a random sampleer N (0;1). For each step 2 T::1, Lo = Euaexixory) Baw wixiy) [ 109(D (X k)]
is derived using Eq. 6 based on the network estimateand ‘E . [ logl D (R )
Xt 1 is sampled based on Eq. 3. p (xe wixiy)l 109 t "ZJ

* Bqo wixey) T oD (Xe k)

B. SynDiff (12)
Here, we introduce a novel diffusion model for ef cient,, oo
high- delity translation between source and target modalities
of a given anatomy. SynDiff uses a diffusive module equipped Evaluation of Egs. 11-12 require sampling from
with a source-conditional adversarial projector for fast amg({x; kjX¢;y) that is unknown. Yetxo and y are non-
accurate reverse diffusion sampling (Fig. 1b). It also emploligearly related images of the same anatomy and is
a non-diffusive module for estimating source images pair@dnditionally independent of given x. Thus, if the non-
with corresponding target images, so as to enable unsupervibedar mapping from a particular onto X is injective (i.e.,
learning (Fig. 2). The adversarial diffusion process that fornme-to-one), the reverse transition probability can be expressed
the basis of the diffusive module, the network architecturasq(x: kjXt;Xo;y) = a(Xt «kjXt;Xo) [38]. Bayes' rule can
and the learning procedures for SynDiff are detailed belowthen be used to express the denoising distribution in terms of

is the weight for the gradient penalty.
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Fig. 2: For unsupervised learning, Syn-
Diff leverages a cycle-consistent architec-
ture that bilaterally translates between two
modalities A, B). For synthesizing a tar-
get imagek‘é of modality A, the diffu-
sive module in Fig. 1b requires guidance
from a source imagg® of modality B

for the same anatomy. However, a paired
source image of the same anatomy might
be unavailable in the training set. To en-
able training on unpaired images, SynDiff
uses a non-diffusive module to rst es-
timate a paired source image® from
x4 . Similarly, for synthesizing a target
image®2 of modality B with the diffu-
sive module, the non-diffusive module rst
estimates a paired source imag@ from

x§ . a) To do this, the non-diffusive mod-
ule comprises two generator-discriminator
pairs G ag , D ag ) that generate ini-
tial translation estimates fox5 ! yB
(orange) an§ ! y” (green).b) These
initial translation estimateg™® are then
used as guiding source-modality images in
the diffusive module. For cycle-consistent
learning, the diffusive module also com-
prises two generator-discriminator pairs
(G ae ,D as )togenerate denoised im-
age estimates fo(x{;y8;t) I *f
(vellow) and(xB;y2;t) 1 2B | (blue).

forward transition probabilities: modality B is produced given a target imagg of modality
e wxixa) = dxixe x) T ig) B EIG Soe e S servacor ascamnator
Using Eqg. 8, it can then be shown thatx; kjxi;xo) = PairsG ».D x)and G s,D =) with parameters A;_B are
N (X¢ lb;f(xt;xo);qe) with the following parameters: employed [21]. The geBnerators produce the estimglés as:
—_ 7t£txo+ (1 77 k)Xt;*:l 7t7k . ¥ = G & (xp)
1 = 1 = 1 = 1) ¥ =G A (xB) (16)

. Q A non-saturating adversarial loss is adopted Goras :
where (=1 cand™t = " g4t

Egs. 11-12 also require sampling from the network- Le = Bp tyixol 109(D (¥))] 17
parameterized denoising distributipn(x; «jX:;y). A trivial wherep (yjxo) denotes the network parametrization of the
albeit deterministic sample would be the generator output, i®nditional distribution of the source given the target image,
Rt « (X; kG (x¢;y;t)). To maintain stochasticity, we and the conditioning input, to the discriminator is omitted

instead operationalize the generator distribution as follows:for brevity. Meanwhile, the discriminators distinguish samples
. . of estimated versus true source images by adopting a non-
P (Xt kiXe;y) = a(Xt kiXt;x0= G (Xe;y;1))  (15) ges by adopiing

] i saturating adversarial loss:
whereG predictsxg that ist=k steps away fronx. Follow- Ln = E. loa(D .
ing a total of T =k reverse diffusion steps, the eventual denoised b = Eqyixol 109D (¥))
image will be obtained via samplingy  p (XojXk;Yy). Ep (yixo)l 109(1 D (¥))] (18)

2) Network Architecture: To synthesize a target-modalitywhereq(yjx o) is the true conditional distribution of the source
image, the reverse diffusion steps parametrized in Eq.@iven the target image. Note that, fbr = , y corresponds to
require guidance from a source-modality image of the sarm§ and the conditioning input ix4; whereas forD , y
anatomy. However, the training set might include only ureorresponds tax§ and the conditioning input i .
paired imagexg, x§ for the modalitiesA, B, respectively.  Diffusive module.SynDiff then leverages a diffusive mod-
To learn from unpaired training sets, we introduce a cyclede to synthesize target images given source-image estimates
consistent architecture based on non-diffusive and diffusifi®m the non-diffusive module as guidance. A synthetic target
modules that bilaterally translate between the two modalitigmage®” is produced givery® ; and a synthetic target image

Non-diffusive module.SynDiff leverages a non-diffusive 22 is produced givest” . To do this, two adversarial diffusion
module to estimate a source image paired with each targedcesses are used with respective generator-discriminator
image in the training set. A source-image estimgfe of pairsG »,D »)and G & ,D =) of parameters™B . Starting
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with Gaussian noise image$™® at time stepT, target images IV. METHODS
are synthesized i =k reverse diffusion steps. In each stepy paiasets

the generators rst produce deterministic estimates of denoisedW d d SvnDiff " brain MRI
target images as noted in Sec. II-B.1: e demonstrated SynDiff on two multi-contrast brain

datasets (IXI, BRATS [62]), and a multi-modal pelvic MRI-
%o = G a(xiy = ¥5;1) :
0 t ' CT dataset [63]. In each dataset, a three-way split was per-
xg‘ =Gs (xtB 'y = vt (19) formed to create training, validation and test sets with no

Afterwards, the denoising distribution for each modality agubject overlap. While all unsupervised medical image trans-

described in Eq. 15 is used to synthesize target images: lation models were trained on unpaired images, performance
QA XA XA xR) assessments necessitate the presence of paired and registered
t k t kXt %o

5 B B B source-target volumes. Thus, in the validation and test sets,

Rtk AXg (X i %g) (20)  separate volumes of a given subject were spatially registered to

3) Learning Procedures: To achieve unsupervised learningeénable calculation of quantitative metrics. Registrations were
SynDiff leverages a cycle-consistency loss by comparing trigplemented in FSL via afne transformation and mutual
target images against their reconstructions. In the diffusii@formation loss [64]. In each subject, each imaging volume
module, reconstructions are taken as synthetic target imayégs separately normalized to a mean intensity of 1. The

248 In the non-diffusive module, source-image estimates afe@@ximum voxel intensity across subjects was then normalized

projected to the target domain via the generators: to 1 to ensure an intensity range of [0,1]. Cross-sectional
A G B images were zero-padded as necessary to attain a consistent
Xo =G +(y") 256 256 i ize | i i
5 A image size in all datasets prior to modeling.
Xg =G e(y") (21) 1) IXI Dataset: Ti-, To-, PD-weighted images from
Wherexé;B denote the corresponding reconstructions. AfteA0 healthy subjects were analyzed, witl256,10) sub-
wards, the cycle-consistency Ios§I is de ned as: jects reserved for (training,validation,test); &nd PD vol-
Lo = E s o an (<A xPkg+ umes were registered onto; Tvolumes in validation/test
e Tha(g® At ixg® ) L ART0 o R, sets. In each subjectl00 axial cross-sections with brain

kx8  xgki)+ 1 (kxh Roki+ kxB 25k (22) tissue were selected. Scan parameters were TE=4.6ms,
TR=9.81ms for T; TE=100ms, TR=8178.34ms for 5T

where 1., are the weights for cycle-consistency loss lerMs:_gms TR=8178.34ms for PD images; and a common
from the non-diffusive and diffusive modules respectively, a”ggatial résolutionzo '940 94 1.2mn? '

1-norm of the difference between two images is taken a 2) BRATS Dataset: T1-, Tp-, Fluid Attenuation Inversion

a consistency measure [21].' The diffusive z_;m_d non'diﬁus“ﬁ?ecovery (FLAIR) weighted brain MR images frdsb glioma
modules are trained jointly without any pretraining procedure, atients were analyzed, with a (training, validation, test) split

Accordingly, the overall generator loss is: of (25,10,20) subjects. } and FLAIR volumes were registered
LE™= 2 (Lga + Lge)+ 2 (Lga + Lge)+ Loy (23) onto T; volumes in validation/test sets. In each subja@(
where ,., are the weights for adversarial loss terms fror@xial cross-sections containing brain tissue were selected.
the non-diffusive and diffusive modules respectively, and fddiverse scan protocols were used at multiple institutions.
each modalityL s is de ned as in Eq. 17 antg is de ned 3) Pelvic MRI-CT Dataset: Pelvic T;-, To-weighted MRI,
as in Eq. 11. The overall discriminator loss is given as: and CT images froml5 subjects were analyzed, with a
Lgm: 2 (Lpa + Lps)+ 2 (Lpa + Lps) (24) (training, val|dat|on, test) split 0f9(2,4) subj_ects. _I and CT
. . . volumes were registered onto, Wolumes in validation/test
withLp denedasinEq. 18 anlp dened asin Eq. 12. goq n each subjecf axial cross-sections were selected.
During training, the non-diffusive module must be used tgy, T, scans, TE=7.2ms, TR=500-600ms, 0.8888 3mn?
produce estimates of source images paired with given targgtolytion, or TE=4.77ms, TR=7.46ms, 1.1010 2mn?
images. During inference, however, the task is to synthesizgg|ution were prescribed. Fog $cans, TE=97ms, TR=6000-
an unacquired target image given the acquired source imagf)oms, 0.880.88 2.50mn? resolution, or TE=91-102ms,
of an anatomy, so only the respective generator within th§y = 12000-16000ms, 0.88-1.10.88-1.10 2.50mn3 reso-
diffusive module that performs the desired task is needed. Rgfion were prescribed. For CT scans, 0.1ID10 3mn® res-
instance, to perform the mappig B (i.e., source target), o|ytion, Kernel=B30f, or 0.100.10 2mn? resolution, Ker-
G & (xP;y”:t) is used wheref is the target-image sampleng|=FC17 were prescribed. To implement synthesis tasks from
of modality B at time stept andy” is the acquired source gccelerated MRI scans [65], [66], fully-sampled MRI data
image of modalityA provided as input. Inference starts afyere retrospectively undersampled 4-fold in two dimensions

time stepT with a Gaussian noise sampig? drawn from (g attain low-resolution images at a 16x acceleration rate [65].
N (0;1), and the noisy target-image sample produced at the

end of each reverse diffusion step is taken as the input target- )

image sample in the following step. A total di=k reverse - COMPeting Methods

diffusion steps are taken as outlined in Egs. 19-20 to attainWe demonstrated SynDiff against several state-of-the-art
RS at time step0 as the synthetic target image. non-attentional GAN, attentional GAN, and diffusion models.

https://brain-development.org/ixi-dataset/
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