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Abstract

Cross-modality data translation has attracted great interest in image
computing. Deep generative models (e.g., GANs) show performance im-
provement in tackling those problems. Nevertheless, as a fundamental
challenge in image translation, the problem of Zero-shot-Learning Cross-
Modality Data Translation with fidelity remains unanswered. This paper
proposes a new unsupervised zero-shot-learning method named Mutual
Information guided Diffusion cross-modality data translation Model (MID-
iffusion), which learns to translate the unseen source data to the target
domain. The MIDiffusion leverages a score-matching-based generative
model, which learns the prior knowledge in the target domain. We propose
a differentiable local-wise-MI-Layer (LMI) for conditioning the iterative
denoising sampling. The LMI captures the identical cross-modality fea-
tures in the statistical domain for the diffusion guidance; thus, our method
does not require retraining when the source domain is changed, as it does
not rely on any direct mapping between the source and target domains.
This advantage is critical for applying cross-modality data translation
methods in practice, as a reasonable amount of source domain dataset
is not always available for supervised training. We empirically show the
advanced performance of MIDiffusion in comparison with an influential
group of generative models, including adversarial-based and other score-
matching-based models.

∗corresponding: zihao.wang@ieee.org
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Figure 1: The proposed local-wise mutual information (LMI) guidance for
zero-shot stochastic diffusion-based modality translation. Unlike the classical
score-matching model, the proposed method conditions on a statistical measure:
local-wise mutual information. It measures the LMI between target image F
and its perturbed image Ft at time t during training time (left sub-figure) for
the forward SDE. At test time (right sub-figure), it calculates the LMI between
source image G and the sampled image F̂t at time t for the reverse SDE.

1 Introduction
One often wants to use existing resources to solve new problems without having
to develop similar resources for new data modalities to maximize economic
utility. For example, software systems to perform a specific task, e.g. brain
parcellation, may be designed to work with a particular data modality, e.g. MRI.
Ideally, one would be able to translate the new data modality, e.g. CT, into the
specific data modality and be able to analyze the new data with the existing
software. This method is often termed cross-modality data translation, which
has been of particular interest to the generative learning research community
in the past few years. Two major types of methods have been proposed: (1)
generative adversarial-based translation and (2) mapping-based translation.
Those two approaches correspond to the two major machine learning model
types: generative and discriminative learning. The mapping-based method
directly learns the mapping between different modalities through regression
between the source and target modal data points. However, paired datasets
of different modalities are not always available in many scenarios. Also, slight
pixel-wise misalignments between different modalities may lead to inaccurate
translation because mapping-based translation models are designed to build a
direct mapping between the source and target modalities. These issues have led
to recent research focused on generative adversarial-based translation, which
learns the cross-modality mapping through cycle-consistency training, which
does not require paired datasets.

Two conceptual metrics have been proposed to evaluate the translation quality:
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synthesis realism (see Def. 1) and faithfulness (see Def. 2)[41]. Translation
faithfulness refers to how well the translation results maintain the context of the
source data intact. Translation realism means how consistent the translation
results are with the range of the target modality. Ensuring those two metrics in
a Zero-shot-Learning way is challenging as a Zero-shot-trained model does not
have any information from the source domain.

Mapping-based methods[60, 16, 26, 18, 43] usually favor translation faithful-
ness over realism. Many early mapping-based modality translations methods
rely on pixel-level modeling between the source and target modality. Generative
adversarial network (GAN) [33, 5, 68, 62, 59, 36, 4] based methods were proposed
due to various shortcomings of the previous mapping-based approaches. The
generative model is usually used for modeling the target modality directly, thus
achieving translation realism[1, 69, 8]. This method usually involves complicated
adversarial architecture design and modality task-specific loss function design
for different translation tasks [41]. Although the generative adversarial-based
translation does not need access to paired datasets for training, it still requires
source domain data, which may be challenging to collect, leading to insufficient
samples to balance the cycle-consistency training. Recent works [15, 14, 31, 6]
show that score-based generative models achieve better generation performance
than that GAN-based models. Meng et. al. [41] proposed SDEdit, which em-
ploys a Stochastic Diffusion Model (SDM) [57] to perform image translation that
balanced faithfulness and realism in the way of Zero-shot-Learning. Different
from conventional GAN or mapping-based models, which are nearly end-to-end
generation, an SDM is a score-based generative model [23] that relies on iter-
atively denoising a diffusion sequence driven by an SDE. Given a datapoint
from the source domain, SDEdit perturbs the datapoint with Gaussian noise
(perturbation-based guidance). Then a reverse SDE is used by SDEdit to gradu-
ally project the disturbed datapoint to the manifold of the target domain. SDEdit
has been shown to be superior to GAN-based translation models in terms of
parsimony of model structure and complexity of loss function. Although SDEdit
overcomes the drawbacks of previous GAN-based translation methods, it remains
limited in cross-modality data translation applications. The perturbation-based
guidance assumes the source and target domains can be perturbed by noise,
which may not be true in specific translation tasks (e.g., microscopy brightfield→
darkfield translation). In addition, SDEdit requires optimizing initial time t0 to
find the best interval for perturbation.[41] Muzaffer et. al. [46] proposed SynDiff
to tackle this issue by introducing a cycle-consistent architecture devised with a
bilateral diffusion process. The advantage of SynDiff is that the transformation
is semantically consistent, yet the computational cost of computing a bilateral
diffusion process is doubled. In fact, although it is claimed to be an unsupervised
method, SynDiff needs to pre-train a generator to estimate a paired source image
for training purposes, which requires an additional generation module; thus, the
model’s overall performance is also influenced by the pre-training quality of the
generator.

We propose a new zero-shot unsupervised learning-based cross-modality data
translation method based on a stochastic diffusion process. Instead of seeking any
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conditioning guidance from the data domain, our model leverages the statistical
feature-wise homogeneity for conditioning the diffusion process (see Fig. 1).
This allows us to bridge the source and target domain by using their local-wise
statistical attributions for cross-modality data translation. The proposed method
overcomes the shortcomings of current modality translation approaches:

(1) Unlike GAN-based strategies, the proposed method (MIDiffusion) neither
needs inversion optimization in the test step nor requires additional adversarial
architectures and loss functions design (cycle consistency, etc.).

(2) In contrast to the current SDEdit method, our framework does not require
the optimization of the hyper-parameter t0, which is a user-selected parameter,
to achieve balance between realism and faithfulness.[41]

(3) MIDiffusion is a fully unsupervised Zero-shot-Learning model that can
translate unseen modalities into target modalities.

(4) MIDiffusion also empirically shows that the training of an additional
generator [46] for diffusion process guidance is not necessary to achieve semantic
consistency.

2 Related Works
Generative Learning-based Cross-modality Data Translation A plethora
of works performs cross-modality data translation through conditional generative
adversarial networks (cGANs) [72, 71, 58, 54, 77, 4]. Those cGANs-based cross-
modality data translation usually requires the generation of a supervised signal
for conditioning the generator network (e.g., Zhuge et. al. [4] used a register to
generate the conditional signal). Some other GANs-based cross-modality data
translation methods use cycle consistency training to swap the features between
different domains [52, 29, 21, 50].

Kernel-based Generative Learning The proposed method falls in the
scope of transition-kernel-based generative learning [56, 51, 65, 55, 10, 35];
specifically, it belongs to score-based generative learning [24, 23, 61, 27]. The
score-based generative models show comparable data modeling performance to
those generative adversarial methods [33, 5, 68, 62, 59, 36, 8, 4, 28].

Zero-shot Learning The cross-modality data translation problem without
access to the source modal data leads to a Zero-shot-Learning-based cross-
modality data translation problem. One challenge of learning-based methods is
that their modeling ability is restricted when dealing with unseen data classes
[66, 9, 34]. Zero-shot-Learning is a robust learning scheme to deal with such
cases when training and test classes are disjoint. One traditional approach of
Zero-shot-Learning tries to find a direct projection from image feature space to
a semantic space through discriminative methods [48, 2] or generative models
[39, 63]. Another popular way is to combine different modalities (such as images,
texts, attributes, etc.) and learn a non-linear multi-modal embedding [11, 38],
to help unseen class recognition. For example, Lin et. al. [37] used a GAN-
based model to learn a multi-modal consistent semantic representation, and the
disentangled domain-invariant features are extracted for unsupervised zero-shot

4



image-to-image translation.
Zero-shot Learning-based Cross-modality Data Translation The GAN-

based zero-shot-learning cross-modality data translation models usually modify
the latent representation of a pre-trained GAN model (a.k.a. GAN inversion
[75, 53, 8, 1]). It needs additional optimization in the testing step, which is
computationally expensive and time-consuming.

Perturbation-diffusion-based cross-modality data translation allows Zero-
shot learning for cross-modality data translation tasks [13, 23, 32, 57]. The
perturbation-diffusion-based methods perform excellently when the numerical
features of source and target domains are consistent [41]. Nevertheless, they may
fail when the cross-domain appearance features are significantly distinct.

3 Theroy

3.1 Cross-modality Data Translation
Mathematically, the cross-modality data translation task between two modalities
G ∈ V and F ∈ U can be formalized as:

F̂ ∈ U : F̂ = ΦF (G) (1)

, where ΦF is an operator that maps the data G in the source domain V to the
corresponding data F̂ , which is ideally the same as F in the target domain U .
Specifically, this generalized form has been broadly applied in image synthesis,
stroke painting, image registration, segmentation, etc. [49] In this paper, we
will mainly focus on 2D image space. However, the proposed method can be
extended to 1D or 3D signals without loss of generality.

In zero-shot cross-modality data translation, only samples in target domain
F ∈ U are available during the training phase. Given the target samples, the
aim of Zero-shot-Learning is to learn ΦF without seeing the G in training step.
Since no source samples are accessible in the training phase, it is important to
build and use auxiliary information for domain transfer [64].

3.2 Mutual Information
Mutual Information (MI) measures the dependence of two random variables
X,Y :

MI(X,Y ) =

∫∫
p(x, y) log

p(x, y)

p(x)p(y)
dxdy (2)

MI is useful in cross-modality data processing tasks as the statistical features
are assumed to be identical. It has been applied to tackle many unsupervised
learning problems such as cross-modality data retrieval[25], data representations
[22, 74, 17], domain adaptation [42], and cross-modal clustering [40] etc..

A particular case of MI is using MI for measuring a random variable itself:
MI(X,X), which is called Entropy.

5



3.3 Score Matching and Its Denoising Equivalent
Different from variational inference-based or likelihood-based training, which
attempts to approximate the true probability distribution log p(x) of the data,
the score-based models learn to represent the distribution log p(x) through its

partial derivative
∂ log p(x)

∂x
information (a.k.a score function). The maximization

process between a learning model sθ(x) and
∂ log p(x)

∂x
needs to get an explicit

form q(x) of the accurate distribution p(x), which usually remains unknown.
Instead of seeking any form q(x) of the distribution of the target dataset, the
denoising score matching method [61] sidesteps the searching of q(x) by directly
estimating the score function through [61, 27]:

arg min
θ

Eqσ(x,x̂)[
1

2
||sθ(x)− ∂ log qσ(x̂|x)

∂x̂
||2] (3)

, where
∂ log qσ(x̂|x)

∂x̂
is the gradient between the clean data x and a noise-

polluted observation x̂; as long as the noise is driven by a Gaussian kernel:
∂ log qσ(x̂|x)

∂x̂
= x−x̂

σ2 , the learning model s(x) aims to learn the process of
denoising.[61]

3.4 Score-based Generative Modeling with SDEs
Song et. al. [57] generalized the above denoising score matching-based models
into an SDE framework and unified the generative process by sampling with
a reverse SDE [3], which is also a diffusion process. The neural network sθ is
trained in an implicit denoising form by treating the noise-adding steps as a
diffusion process. The diffusion process driven by a standard normal distribution
N (0, 1) in a potential Ut(x) can be modeled by an SDE:

dxt = Ut(x)dt+ σtdwt, t ∈ [0, T ] (4)

, where σt ∈ [0,∞) controls the magnitude of the input noise, wt denotes
a Wiener process, and t ∈ [0, T ] is the time start from 0 with infinitesimal
incremental to t. We use a static potential Ut(x) = 0 (a.k.a "Variance Exploding
SDE (VE-SDE)" [57]) for modality translation here, which models the magnitude
of the data x0 ( the target modality F0). Adding noise with Eq. 4 is a similar
step when using a Gaussian transition kernel to perform score matching in Eq.
3. The training target of a diffusion process defined by the SDE 4 shares a
similar training target as Eq. 3 yet with an expectation of time t sampled
uniformly between [0, T]: Et∼U(0,T ); also the whole process becomes a multi-step
conditioning q(xt|x0) instead of a single step q(x̂|x),

arg min
θ

Et∼U(0,T ){Ex0∼p0(x)

Ext∼qσt (xt,x0)[
1

2
||sθ(x)− ∂ log qσt(xt|x0)

∂xt
||2]} (5)
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Figure 2: Example data of different modalities for the three different datasets;
from left to right are: CuRIOUS dataset of FLAIR imaging, CuRIOUS dataset of
T1-weighted (T1-w) imaging, Gold Atlas dataset of MR imaging, Gold Atlas
dataset of CT imaging, IXI dataset of PD-weighted imaging, IXI dataset of T1-w
imaging.

Figure 3: Illustration of an example of the proposed operator functioning for
1D functions X and Y in the neighborhood δ of point xi. (I) δ-neighborhood
of the two functions (upper Y , lower X) at point yi and xi. (II) functions are
processed by the proposed operators defined in Def. 5 and Def. 4. (III) compute
the Mutual Information between the paired segments in step (II) using kernel
density estimation. (IV) select the maximum value of MI in (III) as LMIδ(xi, yi)
at point xi between X and Y .

As long as the matched score model sθ ∼
∂ log p(x)

∂x
learns the distribution

score
∂ log p(x)

∂x
, we can employ a reverse SDE [57, 3, 41] to sample datapoints

by inferring a backward in time t : T → 0 dynamic process:

dxt = −dσ
2
t

dt
[
∂ log p(x)

∂x
]tdt+

√
dσ2

t

dt
dwt, (6)

= −dσ
2
t

dt
sθ(xt, t)dt+

√
dσ2

t

dt
dwt, tT→0 ∈ [0, T ] (7)

, where wt is a Wiener process with infinitesimal negative incremental of time
dt.

7



4 Methods

4.1 Diffusion for Cross-modality Data Translation
We can solve the cross-modality data translation problem by adapting the target
data F generation task into the framework of score-matching and then using
a perturbed source domain G to guide (conditioning) the iterative diffusion
process [41, 46, 7, 47, 73, 32, 6]. Ideally, we want the generated data F̂ to
follow the semantic meaning of the guided data G and share the features as
the ground truth data point F in the target domain, balancing realism and
faithfulness.[41, 13]

4.1.1 Cross-modality Data Translation Fidelity

Definition 1 The generated image F̂ shows realism means it is well translated
into the target domain U : F̂ ∈ U .

Definition 2 The generated image F̂ remains faithfulness means it is faith-
fully translated from the guided data: F̂ ∼ G ∈ V, where ∼ is a similarity
measure.

The relationship between translation realism and faithfulness is related to the
domain correlations U and V. We say a translation achieves high fidelity
if and only if the translation achieves a balance point between the realism
and faithfulness. However, when the difference in the appearance feature set
between the source domain G and target domain F becomes too large, a balance
point between the two sides may neither be easy to capture nor exist for a
satisfying translation. This leads current distribution perturbing-based methods
(e.g., SDEdit, etc. [41, 61, 27]) unsuitable for unsupervised cross-modality data
translation when the numerical features between the two domains have huge
differences.

4.2 Mutual Information Guidance in Diffusion Generation
In the Zero-shot-Learning-based translation task, we do not have access to the
data in the source domain during the training process. Nevertheless, the local
statistical features between the source and target modalities are assumed to be
identical. MI maximization has been proven an effective method to empower
neural networks to learn non-linear representations [22]. To capture those shared
representations and use the extracted information for generation guidance, we
propose using MI to measure the local statistical representations in the iterative
denoising process.

4.2.1 Local-wise MI

To obtain the semantic information in the data for guidance, we need to convert
the original data to statistical representation, as MI is a statistical measure.
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Given a datapoint X, for point xi ∈ X at position i, the local-wise statistical
information at i can be captured through the probability density function (PDF)
pδxi (·) of the neighborhood area δxi of xi.

Without loss of generality, for the other points xj inside the neighborhood
area δxi of xi, we can obtain the local-wise statistical information through the
PDF pδxj (·); j ∈ δi.

Definition 3 The local-wise MI (LMI) from data point X to data point Y at
point xi is defined through:

LMIδ(xi, yj) =

sup

∫∫
pδ(x, y) log

pδ(x, y)

pδxi (x)pδyj (y)
dxdy,∀yj ∈ δxi (8)

In the forward steps (training), we can use Eq. 8 as a reference signal to condition
each diffusion step; this is achieved by computing the LMI(X0, Xt), t ∈ [0, T ]
during the training process of the scoring neural network.

Theorem 1 The upper bound of the LMI from data point X to datapoint Y at
location i is: LMIδ(xi, yi) ≤ LMIδ(xi, xi) , which is the optimum informative
match between X and Y at point xi.

The Thm. 1 indicates that the LMI achieves maximum (statistical similarity)
when: pδ(X) = pδ(Y ),∀δ ∈ X. Thus the LMI always achieves maximum at the
same position between X0 and Xt in the training step; Yet, when pδ(X) 6= pδ(Y ),
the LMI achieves the local maximum at position j, which is located in the
neighborhood δyi of yi.

We have defined the LMI for conditioning the iterative diffusion process.
However, the computational cost of LMI is very high as a statistical measure.
The iterative training of the score model requires many steps of discrete time
conditioning. It is unrealistic to use a sliding window or patch-wise looping to
compute the LMI between each time steps. To overcome this bottleneck of
applying LMI in score matching models, we developed an efficient method to
compute the LMI in both of the perturbing and denoising steps.

4.2.2 Differentiable local-wise MI Layer

Definition 4 Let X(i) be a function defined in Rn, then Cδ(X) ∈ Rn is a
periodic extension of X in neighborhood K · δ,K ∈ Z:

Cδ(X) :=


X for i ∈ δ
is periodic of δ for i ∈ K · δ
0 otherwise

(9)
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Definition 5 Let Y (i) be a function defined in Rn, then Bδ(Y ) ∈ Rn is a
k−steps (k ∈ Zn) sliding extension of Y in neighborhood k · δ:

Bδ(Y ) := JτY (i− τ)

s.t. Jτ =

{
1 τ − δ

2 ≤ i < τ + δ
2

0 else
(10)

for τ : 0→ δ with incremental ∆τ = δ/k.

Definition (5) and (4) can be understood as a ’segment-wise’ linear inter-
polation and nearest-neighbor interpolation [67] of functions Y and X in the
neighborhood δ. A demonstration of the operator applied for 1D functions de-
fined in ( Def. 4) and (Def. 5) is shown in Fig. 3 (II), for which the two functions
X and Y (Fig. 3 (I)) are processed by the operators C and B respectively.

Proposition 1 With two given functions F ∈ U and G ∈ U in R2, the LMI
(Def. 8) between G and F can be computed through the following operator S:

LMI(G,F ) = max
δ

(K(Bδ(F ), Cδ(G)) log
K(Bδ(F ), Cδ(G))

KBδ(F )KCδ(G))
)

δ ∈ G,F (11)

where K is a kernel density estimator, which approximates the PDF.

The Prop. 1 computes the maximum LMI in both of the training and testing
steps, which are LMIδ(F, F ) and LMIδ(G,F ) respectively. The operator given
in Prop. 1 can be accelerated by memory copying and parallel reduction in
GPGPU [12].

Algorithm 1: Mutual Information Guided Diffusion
Inputs: G, sθ, time tT→0 ∈ [0, T ], step size dt
Output: Generated high fidelity data F̂
Initialize all parameters, variables;
while t < T do

z ∼ N (0,1);
t← t+ dt;
ε = σ2

t − σ2
t−dt;

F̂t+1 ← F̂t + εsθ(F̂t, LMI(G;G, F̂t), t) +
√
εz ; // Euler

discretization step, guided by G

end

4.3 Embedding the Conditioner into SDE
In the training step (see left sub-figure of Fig. 1), we can condition the noise
perturbing process by embedding the defined LMI between a datapoint F and
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Table 1: Quantitative evaluation of the MIDiffusion in comparison with three
baselines on three different cross-modality data translation tasks. The best-
performing values on the same task being compared are bolded in black italics
for highlighting. sup=supervised; unsup=unsupervised
Datasets Methods Modalities SSIM

Tar↑
SSIM
Src↑ MSE↓ MI↑ PSNR↑ FID↓

GoldAtlas

CycleGAN[76]
(sup, few-shot 2%)

CT→MR 0.04 0.03 614.02 1.16 20.53 202.43
MR→CT 0.03 0.02 819.59 1.13 19.08 281.35

StyleGAN [30]
(unsup, inversion)

CT→MR 0.13 0.04 788.76 1.09 20.09 213.47
MR→CT 0.08 0.07 570.91 1.12 21.17 170.83

SDEdit [41]
(unsup)

CT→MR 0.003 0.01 766.40 1.11 19.50 237.27
MR→CT 0.01 0.04 996.71 1.10 18.58 223.44

MIDiffusion
(unsup)

CT→MR 0.06 0.11 523.18 1.08 21.66 245.82
MR→CT 0.12 0.08 392.35 1.17 23.03 194.35

CuRIOUS

CycleGAN
(sup, few-shot ~6%)

T1→FLAIR -0.006 0.81 1747.13 1.08 16.04 186.59
FLAIR→T1 0.005 0.02 3145.05 1.05 13.82 331.89

StyleGAN
(unsup, inversion)

T1→FLAIR 0.003 0.12 1880.62 1.04 15.83 261.47
FLAIR→T1 -0.003 0.19 1570.83 1.05 16.62 229.73

SDEdit
(unsup)

T1→FLAIR 0.011 0.01 1558.22 1.04 16.42 131.70
FLAIR→T1 0.005 0.01 2165.42 1.03 15.14 141.89

MIDiffusion
(unsup)

T1→FLAIR 0.07 -0.08 1226.40 1.08 17.65 146.77
FLAIR→T1 0.15 0.23 1175.11 1.08 18.02 157.98

IXI

CycleGAN
(sup, few-shot 11%)

PD→T1 0.12 0.14 1154.19 1.17 17.65 141.95
T1→PD 0.16 0.16 876.99 1.19 18.86 113.67

StyleGAN
(unsup, inversion)

PD-T1 0.02 0.06 6609.13 1.08 10.17 266.52
T1→PD 0.21 0.37 2319.78 1.14 14.65 199.12

SDEdit
(unsup)

PD-T1 0.09 0.06 1619.14 1.15 16.19 68.6
T1→PD 0.10 0.06 1753.82 1.16 15.95 80.81

MIDiffusion
(unsup)

PD-T1 0.11 0.19 1652.81 1.17 16.35 129.12
T1→PD 0.18 0.26 1301.91 1.13 17.13 132.46

its disturbed data Ft in to the time-dependent-scoring model sθ, which is guided
by G:

arg min
θ

Et∼U(0,T ){Ex0∼p0(x)Ext∼qσt (xt,x0)

[
1

2
|sθ(F̂t, LMI(F ;F, Ft), t)−

∂ log qσt(xt|x0)

∂xt
|2]} (12)

In the sampling step (see right sub-figure of Fig. 1), recall that the generative
process is an iterative solution of the reverse SDE 6. We can inject the proposed
conditioning procedure into the SDE 6:

dF̂t = −dσ
2
t

dt
sθ(F̂t, LMI(G;G, F̂t), t)dt+ √

dσ2
t

dt
dwt, tT→0 ∈ [0, T ] (13)

and use an naive Euler-Maruyama numerical solver (see Algorithm 1) to solve
the SDE.
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5 Experiments and Evaluation
We show the following features of the proposed method in this section: (1)
The proposed zero-shot unsupervised learning method outperforms GAN-based
cross-modality data translation models in both the zero-shot and few-shot
supervised tracks. (2) Our method achieves high cross-modality data translation
fidelity compared with the state-of-the-art diffusion method. (3) The proposed
LMI-guided diffusion model enables cross-modality data translation semantic
consistency in the practical application.

5.1 Evaluation Datasets
We introduce three public datasets that cover different cross-modality data
translation tasks. Fig. 2 shows six samples collected from three different datasets:
(1) The Gold Atlas dataset includes CT and T1-weighted (T1w) and T2-weighed
(T2w) magnetic resonance imaging (MRI) data from 19 male patients. The pelvic
area was the subject of the imaging. All the CT images had been deformably
registered to the corresponding MRI [45]. The datasets were collected from three
different sites [44]. We resampled all the datasets using the SimpleITK package
to a uniform voxel size (0.875mm× 0.875mm× 3mm), and selected slices every
15mm interval to build the training set (993 CT-MR slice pairs from 15 patients)
and the testing set (227 CT-MR slice pairs from 4 patients).

(2) The publicly available CuRIOUS dataset consists of 22 subjects with low-
grade glioma [70]. The original dataset includes T1w and FLAIR MRI scan pairs,
as well as unregistered ultrasound scans. All the images were collected during
routine clinical exams. The original scans had been resampled to 256× 256× 288
voxels at an isotropic voxel size of 0.5mm3 [19]. We chose the T1w and FLAIR
MRI scan pairs to build our cross-modality image translation task. All the
volume pairs were resampled to 128 × 128 × 288 voxels with a spacing size
of 1.0mm × 1.0mm × 0.5mm by the SimpleITK package. As a result, 1168
FLAIR-T1w slice pairs were picked in every 5mm from the original voxels to
generate the training (952 pairs from 17 subjects) and testing (216 pairs from 5
subjects) datasets.

(3) IXI dataset1 includes pre-aligned 600 images from normal subjects. The
full dataset includes five different modalities: T1w, T2w, PD-weighted, magnetic
resonance angiograms (MRA), and Diffusion-weighted MRI. In our experiment,
we perform PD-T1w modal translation tasks. A training set of 300 slices (sampled
from 100 subjects) and a testing set of 75 slices (sampled from 25 subjects) were
generated using a subset of the IXI dataset .

5.2 Baselines
We select two representative GAN-based image translation and synthesis ap-
proaches and one state-of-the-art diffusion-based method as baselines for com-
parison. We first compare our zero-shot-Learning-based method with a few-shot

1https://brain-development.org/ixi-dataset/
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Figure 4: Qualitative performance of different methods on CuRIOUS, GoldAtlas,
and IXI datasets. The top row shows the original images. The second to the
last rows show: CycleGAN (few-shot sup), StyleGAN(unsup zero-shot with
GAN inversion), SDEdit(zero-shot unsup learning with SDE-based perturbing
guidance), and the proposed MIDiffusion (unsup zero-shot with LMI guidance).

learning-based CycleGAN translation model [76]. The CycleGAN in this exper-
iment will be allowed to see both the full target domain dataset and a small
group (about 2% for Gold Atlas dataset, 6% for CuRIOUS datasetand 11% for
IXI dataset) of the source domain dataset. However, our proposed method will
see only the data in the target domain.

The second baseline method is a GAN inversion-based approach. A StyleGAN2-
ADA [30] is allowed to see the target domain training data. The out-domain
guided generation is performed through 5000 steps of optimization of inversion in
the latent space of the trained StyleGAN2-ADA [75]. An extra encoder network
is introduced in the generation step for inversion.

The third baseline model is SDEdit [41], which works for an ablation study.
The SDEdit is also a diffusion model-based translation method but uses a dis-
tribution perturbation guidance. Whenever possible, we use a default training
setup for all the baselines provided in the papers. The experiments were imple-
mented based on publicly available open-source code in the same experiment
environment.

5.3 Quantitative Performance
We evaluate the different methods based on five metrics, including three image
quality measures: SSIM (structural similarity index measure), PSNR (peak
signal-to-noise ratio), MSE (mean square error), and two statistical similarity
measures: FID (Fréchet Inception Distance) [20] and MI (mutual information).
To study translation faithfulness (Def. 2) of each method, we report the SSIM
between the translation results F̂ and the guidance data G (SSIM-Src) and the
target data F (SSIM-Tar). The FID and MI are used to evaluate the translation
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similarity (Def. 1) statistically between F̂ and F for different methods. The FID
evaluates the generation similarity in the feature level between the F̂ and F .
The MI assesses the statistical similarity between the paired F̂ and F images.
We show the performance based on those metrics of the four methods in Table.
1.

5.3.1 Comparison with few-shot training

We compare our method with the supervised few-shot trained CycleGAN (source
domain F ∈ U is visible) on each dataset. We notice that the size of the source
datasets for the few-shot training differs between different datasets. Regarding
the translation errors (measured by SSIM, MSE, and PSNR), the proposed zero-
shot trained MIDiffusion model outperforms the few-shot trained CycleGAN
model on both the GoldAtlas (2% of training data from source, 100% from
target) and CuRIOUS (6% of training data from source„ 100% from target)
datasets. However, this advantage of the MIDiffusion vanishes on the IXI dataset
for the MSE and PSNR metrics. This can be attributed to the 11% training
data from the source domain being sufficient for the CycleGAN to surpass the
performance of the zero-shot-learning models.

5.3.2 Comparison with zero-shot training

As shown in Table 1, the proposed method performs better than the other
one-shot training-based methods in terms of the SSIM-Src, SSIM-Tar, and
MSE, which means the generated data of MIDiffusion achieves higher semantic
faithfulness with regard to both the source and target domain. Our model also
outperforms the other methods in terms of the PSNR and MI. This implies
our method shows translation realism 1 with respect to the target data in
pairwise comparison. In terms of similarity between the generated dataset and
the target dataset, we see that the SDEdit has an overall lower FID score. Yet,
in considering our generation target of fidelity translation, the SDEdit fails in
faithfulness translation. Thus the translation results of SDEdit performs worse.
In contrast, the proposed method achieves good realism (lowest FID score apart
from SDEdit) while keeping the semantic meaning from the guidance to the
target (higher SSIM, lower MSE). The cross-modality data translation method
with the highest fidelity is therefore the MIDiffusion.

5.4 Qualitative Performance
Fig. 4 shows translated results from different methods on the test dataset as
well as the groundtruth (top rows). The first two columns in each dataset group
represent different modalities, and the last two columns correspond to their
zoomed-in details. Overall, the proposed method achieves the best translation
fidelity among the compared methods. The anatomical structures are more
faithfully represented in the MIDiffusion translation results compared to the
results from the baseline models. The SDEdit and StyleGAN fail to translate
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the source images with identical features. In addition, the few-shot trained
CycleGAN clearly underperforms the zero-shot trained MIDiffusion model when
trained with insufficient source data on the CuRIOUS (2%) and GoldAtlas (6%)
dataset. This observation is consistent with the quantitative results shown in
Table 1. Overall, the MIDiffusion method outperforms the baseline methods in
both anatomical consistency and appearance similarity.

6 Conclusion
This paper presents a novel local-wise mutual information-guided diffusion model
named MIDiffusion for cross-modality data translation. Different from cur-
rent cycle-consistency training, the MIDiffusion does not require seeing the
source dataset for training. Unlike GAN inversion methods that require itera-
tive optimization during the generation, the MIDiffusion does not need online
optimization in the test steps.Our method introduces a new conditioner that
achieves high-fidelity generation but does not need any extra training on the
main diffusion flow. This feature is different from supervised guidance [15], which
needs to train an extra model to pose conditional guidance on the diffusion
flow. The proposed diffusion model is more robust than another diffusion model
(SDEdit) in terms of translation faithfulness, thanks to the LMI guidance signal
of MIDiffusion.

Limitations However, the MIDiffusion requires hundreds of times iterative
solutions of SDE, which takes dozens of seconds for translating a single image on
a GPU. Effectively reducing the number of sampling steps without compromising
the translation fidelity would be meaningful for future work.
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