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Abstract

RegistFormer, our novel reference-augmented image
synthesis framework, generates aligned pseudo-CT images
(with respect to MR) from misaligned MR and CT pairs.
RegistFormer addresses the limitations of intensity-based
registration methods, which often fail due to dissimilar im-
age features and complex deformation fields. Unlike con-
ventional image-to-image (I2I) translation methods, our
method uses a misaligned CT scan as an auxiliary input
to guide the synthesis task through the Deformation-Aware
Cross-Attention (DACA) mechanism. DACA integrates the
deformation field from a registration method to aggregate
spatially matched features from the misaligned CT into
MR spatial coordinates. Additionally, we propose a novel
combination of loss functions for training with datasets
of misaligned MR-CT pairs in a self-supervised manner,
eliminating the need for pre-aligned training data. Ex-
periments were conducted with the synthRAD20231 MR-
CT pelvis pair dataset. RegistFormer outperforms past
state-of-the-art methods, including I2I, registration, and hy-
brid (registration + I2I), across metrics evaluating both
structure alignment and distribution similarity. Moreover,
RegistFormer demonstrates superior performance in zero-
shot segmentation downstream tasks, highlighting its clin-
ical value. Source code: https://github.com/
danny4159/RegistFormer

1. Introduction

In general, registration is an important preprocessing

step in medical image processing because it integrates use-

ful information from two or more images into a single,

more informative image. Registration of pelvic CT and

MRI scans is useful as it facilitates the effective fusion

*Equal contribution
†Co-corresponding author
1https://synthrad2023.grand-challenge.org/

Figure 1. Illustrative comparison highlighting limitations of con-

ventional I2I translation methods in contrast to our approach.

of these two modalities for prostate cancer radiation ther-

apy [12], using CT for dose planning and MRI for pre-

cise organ delineation. However, this registration is chal-

lenging due to inter-modality appearance differences and

shape/appearance variations of pelvic organs [12]. Even

for the same patient, CT and MRI scans, acquired using

different devices, can exhibit substantial changes in organ

shapes due to inevitable rectal movement and varying blad-

der states. The spatial proximity of the prostate, bladder,

and rectum means that a shape change in one organ often

impacts the neighboring organs.

Non-rigid registration methods like SyN [4] and

NiftyReg [5] can estimate local deformations due to tissue

movement, but this is challenging due to the high dimen-

sionality and non-linear relationship between image con-

tents. Large anatomical deformations, different patient po-

sitions, and varying hollow organ fillings, particularly af-

fecting prostate position, further complicate the task. Sup-
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plementary methods like manual delineation [7] or intrapro-

static fiducial markers [3] add effort and have limitations.

Recently, learning-based techniques using various networks

[19, 32, 37] have been introduced, offering speed advan-

tages. However, their accuracy often does not significantly

surpass classical optimization-based approaches [34].

I2I translation frameworks can generate pseudo-CT im-

ages to replace registered CT images or convert a multi-

modality problem into a uni-modality problem for registra-

tion tasks [30]. However, these approaches, including MR

to CT synthesis, often suffer from issues like blurriness [21]

and hallucinations [27]. The most significant risk is halluci-

nation, where non-existent content is generated or relevant

information is removed. Misaligned I2I translations, of-

ten using cycle-consistent GANs trained with unsupervised

data, are particularly susceptible due to the lack of direct

verification that the synthesized image accurately represents

the original content.

Our method RegistFormer, is a novel approach to en-

hancing the I2I framework by incorporating an auxiliary

misaligned CT image, termed reference-augmented pseudo-

CT generation. This addition improves robustness and re-

duces erroneous outputs. Fig. 1(c) shows errors from the

original CT synthesis method, such as distinguishing hol-

low organ fillings from soft tissue or holes in MR images,

which are resolved more effectively using CT images.

Our method designs a cross-attention-based transformer

module to transfer intricate semantic features from refer-

ence CT images to the MR coordinate system. To address

MR and CT coordinate discrepancies, we use the deforma-

tion field estimated by a registration network, applying win-

dowed cross-attention at matching locations. This module

operates within the multi-scale semantic feature space of

the U-Net architecture, performing a “copy and paste” op-

eration across multiple scales.

Training the framework in a self-supervised manner is

required due to the rarity of perfectly aligned data pairs in

in-vivo subjects. Thus, we design a method that can use the

misaligned reference CT images as the ground truth by the

combination of loss functions. We propose a combination

of a structure-preserving loss derived from contrastive loss

[23], a misalignment-robust loss function [16] to be tolerant

to misalignment, and an adversarial loss to improve image

quality.

In summary, the main contributions of this paper are:

1. We design a novel deformation-aware attention mod-

ule that enhances the windowed cross-attention mech-

anism by transferring spatially matched features, re-

sulting in improved output.

2. We propose a novel combination of loss functions

tailored for self-supervised learning with misaligned

MR-CT pairs. This includes structure-preserving and

misalignment-robust feature loss functions, which en-

sure that the network generates well-aligned images

without the need for pre-aligned training data.

3. We demonstrate the comprehensive superiority of our

method through rigorous evaluation across diverse

metrics for structural alignment and texture preserva-

tion.

2. Related work
2.1. Methods for aligning image pairs

Image-to-image(I2I) translation: Unsupervised I2I trans-

lation learns the conditional translation of images between

domains without relying on explicitly paired datasets. This

is suitable for tasks where data pairs are misaligned. In the

medical domain, I2I translation is often known as image

synthesis. One popular approach is CycleGAN [11], which

uses cycle consistency loss to train a network that preserves

structural features while translating images between do-

mains. To further improve structural preservation during

translation, subsequent studies such as GCGAN [13], SC-

GAN [25], and CUT [23] have introduced additional con-

straints. More recent methods based on representation dis-

entanglement, such as UNIT [9], MUNIT [14], and DRIT

[15], decompose images into content and style codes, which

are then recombined to generate new images. However, all

these methods operate under the assumption of an evident

one-to-one mapping between modalities. This assumption

is violated in the context of CT and MR due to their funda-

mentally distinct physical principles.

Registration method: Traditional optimization-based

methods calculate deformation fields on the fly, with no-

table examples including the elastic-type model [2], B-

spline-based model [1], and Standard Symmetric Normal-

ization (SyN) [4]. On the other hand, learning-based meth-

ods leverage deep learning networks to generate deforma-

tion fields, with key approaches like VoxelMorph [18] and

its extensions, including Dual-PRNet [35], LapIRN [22]

and TransMorph [32]. Recently, Grad-ICON [40] has fur-

ther enhanced stability by regularizing the deformation field

using gradient inverse consistency. However, MR to CT

alignment, particularly in the pelvic region, remains chal-

lenging due to significant deformations and contrast differ-

ences, making the task inherently ill-posed.

Hybrid method: Hybrid methods that integrate cross-

modality I2I translation and registration into a single archi-

tecture have recently become prominent [28, 36, 39]. For

MR to CT tasks, I2I translation can first convert MR images

to the CT modality before registration [33, 26]. However,

even with accurate synthesized CT generation, estimating

a dense deformation field is challenging due to its high di-

mensionality and the complex, non-linear relationship be-

tween synthesized and original images. Furthermore, errors
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Figure 2. (a) illustrates the overall architecture of the proposed framework, where synth-CT is generated in Stage 1, followed by feature

aggregation from the reference-CT in Stage 2 through the DACA block to produce the final pseudo-CT. (b) visualizes the operation of the

loss functions used for training Stage 2. The combination of the two losses, illustrated in (b-i) and (b-ii), aims to generate a pseudo-CT that

is aligned with MR while preserving the texture of CT.

in the I2I translation can propagate to the subsequent regis-

tration process, compromising overall alignment accuracy.

2.2. Reference-based super resolution

Our research is primarily inspired by the study from

reference-based super-resolution (RefSR) literature, which

enhances image resolution quality using reference images

related to the low-resolution input. These approaches, de-

signed for super-resolution of natural images, as well as for

image restoration, leverage features from high-quality ref-

erence images to enhance the quality of the target images

[24, 31, 38].

While we draw inspiration from these methods, our ap-

proach introduces a novel application in the different do-

main of medical imaging, specifically for MR to CT align-

ment task. Unlike traditional RefSR techniques that focus

solely on enhancing image resolution, the primary focus of

our method is to generate a pseudo-CT that is aligned with

MR.

3. Method
3.1. Two-stage framework

The proposed framework, illustrated in Fig. 2(a), con-

sists of two primary stages. The notation used in Figs. 2,

3, and 4 is consistent with the equations presented in this

section.

The first stage employs a synthesis network, leverag-

ing the fact that registering unimodal images is simpler

than registering multimodal images [33]. In this stage, the

synthesis network generates an initial synth-CT (ÍCT ) im-

age from the input-MR (IMR) image. Unlike conventional

methods, our approach incorporates a reference-CT (ICT )

image to provide global style information, thereby mitigat-

ing the risk of generating erroneous outputs.

In the second stage, the generated synth-CT images

are refined using the reference-CT images through a

Deformation-Aware Cross-Attention (DACA) block. This

refinement occurs locally within a multi-resolution feature

space, enhancing the accuracy of the synthesized image.

The DACA block applies windowed attention [29] to corre-

sponding regions, guided by the deformation field (φ) pro-

vided by the registration network (R). The deformation

field (φ) ensures that the attention mechanism aligns fea-

tures accurately across images. Let FIMR⊕ÍCT represent

the feature map of the concatenated dual channels of input-

MR and synth-CT, and FICT
represent the feature map of

the reference-CT. The refined feature map FÎCT
is obtained

as:

FÎCT
= DACA(FIMR⊕ÍCT

, FICT
, φ) (1)

The final pseudo-CT (ÎCT ) image is then reconstructed

from the refined feature map by :

ÎCT = Net3(FÎCT
) (2)

This two-stage framework, incorporating both global style

information and local feature refinement, can enhance the

robustness and accuracy of MR to CT image synthesis and

registration.
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Figure 3. Illustration of the synthesis network in Stage 1 for gen-

erating the initial synth-CT (ÍCT ).

Stage 1: Initial synthesis using global style transfer
The primary objective of the synthesis network (G) is to

generate an initial synth-CT (ÍCT ) image aligned with the

input-MR (IMR) image (see Fig. 2(a)). Therefore, the syn-

thesis network operates to preserve the structural informa-

tion from the input-MR (IMR) images while incorporating

style information from the reference-CT (ICT ) images.

Inspired by the concept of disentangled representation

introduced in MUNIT [14], we designed the synthesis net-

work to separate structural information (i.e., content code)

and contrast information (i.e., style code) from each image

through two encoders. As illustrated in Fig. 3, the content

code from the MR image (cMR) and the style code from the

CT image (sCT ) are combined through the decoder (D) to

generate the synth-CT (ÍCT ) image. The style code glob-

ally transfers style information using the adaptive instance

normalization (AdaIN) method [8] during the decoding pro-

cess, as follows:

AdaIN(cMR, sCT) = σ(sCT) ·
(
cMR − μ(cMR)

σ(cMR)

)
+ μ(sCT)

(3)

The learning scheme of this synthesis network is described

in detail in Sec. 1 of the Supplementary Material (Supp.).

This generated synth-CT (ÍCT ) image is then utilized in

subsequent processing stages to refine and improve the fi-

nal output. This approach ensures that the initial synthe-

sis maintains the structural alignment with the input-MR

(IMR) image while incorporating the global style character-

istics of the reference-CT (ICT ) image, thereby addressing

issues of incorrect intensity and hallucination.

Stage 2: Local refinement with feature aggregation
The purpose of this stage is to refine the initial synth-CT

(ÍCT ) image obtained from the synthesis network (G) by

aggregating features from the neighborhood of the “corre-

sponding pixel” in the reference-CT (ICT ) image. The cor-

responding pixel refers to the redefined coordinates derived

from the deformation field (φ).

First, the deformation field (φ) is obtained from a pre-

Figure 4. The DACA block for aligned feature aggregation of mis-

aligned image pairs. (a) illustrates the operation of the DACA

block from a pixel perspective. (b) shows the DACA block from a

dimensional perspective, implemented by applying the DA block

to the cross-attention mechanism.

trained registration network (R) between the moving im-

age (synth-CT) and the fixed image (reference-CT). Dur-

ing Stage 2 training, the registration network (R) remains

frozen and is used solely to infer the deformation field (φ)

for subsequent steps. This is a key difference from the reg-

istration approach, which optimizes the deformation field

through training. For faster inference, we recommend using

learning-based approaches like Voxelmorph [19], which we

employed. The deformation field (φ) consists of two chan-

nels, representing displacements in the x and y directions,

respectively:

φ(i, j) = R(ÍCT , ICT )

(i′, j′) = (i+ φw(i, j), j + φh(i, j))
(4)

Next, two U-Nets (Net1, Net2) are used for multi-scale

feature extraction. In Net1, the input-MR and synth-CT

are processed as a dual-channel input, extracting the feature

map FIMR⊕ÍCT , while Net2 processes the reference-CT

as a single-channel input, yielding the feature map FICT
.

Following the standard transformer [10], which enhances

performance through various representations, FIMR⊕ÍCT is

treated as the “query” using wq , while FICT
serves as the

“key” and “value”, with distinct learnable parameters wk

and wv (see Fig. 4(b)). The query is based on the original

coordinates, while the key and value use the coordinates

redefined by the deformation field (refer to Eq. (4)).
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Table 1. Quantitative comparison of various methods. Blue denotes the top-performing method, while green indicates the second-best.

Types Methods Gradient Correlation ↑
(with MR)

Normalized Mutual
Information ↑ (with MR)

FID ↓
(with ref-CT)

Sharpness ↑
(no reference)

Original Ref-CT 0.23± 0.05 0.31± 0.54 – 87.1± 41.5

CGAN [20] 0.15± 0.05 0.33± 0.03 60.6 66.2± 19.5
Unsupervised I2I SCGAN [25] 0.11± 0.04 0.29± 0.03 123.9 79.5± 28.7

UNIT [9] 0.45± 0.06 0.36± 0.03 32.2 74.2± 24.8
MUNIT [14] 0.34± 0.06 0.33± 0.03 28.9 80.6± 24.3

SyN [4] 0.28± 0.05 0.45± 0.05 9.9 55.0± 18.4
Voxelmorph(2D) [18] 0.30± 0.06 0.37± 0.06 20.2 74.3± 25.6

Registration Voxelmorph(3D) [18] 0.28± 0.08 0.37± 0.05 32.9 88.5± 21.5
LapIRN(3D) [22] 0.29± 0.07 0.37± 0.05 34.7 71.95± 14.2
TransMorph(3D) [32] 0.31± 0.08 0.38± 0.05 35.76 106.0± 20.9
GradICON(2D) [40] 0.28± 0.06 0.36± 0.05 21.6 61.7± 16.2
GradICON(3D) [40] 0.26± 0.06 0.36± 0.04 26.3 85.0± 19.8

Registration + I2I RegGAN [28] 0.38± 0.05 0.40± 0.04 59.1 89.1± 14.6

Proposed RegistFormer 0.43± 0.06 0.40± 0.04 19.2 89.3± 13.5

A one-to-many windowed cross-attention [29] is per-

formed between each pixel in FIMR⊕ÍCT
and the surround-

ing local patch (of size P) of the corresponding pixel in

FICT
(see Fig. 4(a)). This one-to-many operation helps

to compensate for errors in the deformation field. This

process, which we term the Deformation-Aware Cross-

Attention (DACA) block, is as follows:

FÎCT
(i, j) =∑
i

∑
j Attention(FIMR⊕ÍCT

(i, j), FICT
(i′ + p, j′ + p))

for all p ∈ {−�P/2�, . . . , �P/2�}, p ∈ Z

(5)

This feature aggregation process is applied across multiple

layers to ensure that features from the reference-CT image

are well reflected at various resolution levels. The refined

feature map (FÎCT
) is then used for the encoding part of a

third U-Net (Net3), ultimately generating the pseudo-CT

(ÎCT ), as shown in Eq. (2).

3.2. Self-supervised training scheme for Stage 2

Loss with input-MR (Fig. 2(b-i)): To maintain structural

alignment with the input-MR images, we used patch-based

contrastive loss (patchNCE [23]) based on noise-contrastive

estimation (InfoNCE [17]). InfoNCE acts as a lower bound

to mutual information (MI), preventing the network from

trivially outputting the reference-CT and instead generating

a pseudo-CT aligned with the input-MR images. The loss

function is:

LpatchNCE(ÎCT , IMR) = E

[
L∑

l=1

Sl∑
s=1

�(ẑsl , z
s
l , z

S\s
l )

]

Here, � maximizes the cosine similarity between the fea-

ture vector (ẑsl ) from the pseudo-CT (ÎCT ) and the cor-

responding feature vector (zsl ) from the input-MR (IMR),

while minimizing similarity with feature vectors (z
S\s
l )

from other locations in the input-MR. Feature vectors are

obtained by sampling patches from the feature map, ex-

tracted through a VGG-19 network, and vectorizing them

through an MLP. This mechanism ensures alignment and

penalizes different locations in the feature space, thereby

enhancing structural alignment between cross-modality im-

ages.

Unlike the original PatchNCE loss [23], which uses the

generator’s encoder for feature extraction, our method em-

ploys a pre-trained VGG-19 network instead, resulting in

better performance and less computation. To prevent the di-

rect transfer of input-MR structures, we use the “conv4 2”

and “conv5 4” layers, which capture high-level features.

Loss with reference-CT (Fig. 2(b-ii)): In real-world sce-

narios, acquiring aligned CT images is often infeasible, re-

sulting in reliance on misaligned data [19]. Consequently,

in this context, we must utilize misaligned reference-CT im-

ages as proxy labels and train it with self-supervision.

Common loss functions such as L1 and L2 are unsuitable

due to misalignment. Similarly, perceptual loss, which mea-

sures high-level feature differences, is more robust to minor

misalignments but still struggles with significant misalign-

ments.

Therefore, for the loss between the generated output and

the reference-CT, we employed the contextual loss [16],

which is resilient to misalignment. For two images ÎCT

and ICT , the contextual loss Lcx(ÎCT , ICT ) aims to min-

imize the cumulative distance of all matched feature pairs,

as formulated below:

Lcx(ÎCT , ICT ) = E

[
− 1

N

∑
i

min
j

ψ(Φ(ÎCT )i,Φ(ICT )j)

]

Here, Φ(·) represents the feature maps extracted from layer

l of the pre-trained VGG-19 network (Φ), and ψ measures

the cosine similarity loss. The min operation compares

feature vector i of image ÎCT with all feature vectors of

image ICT and pairs it with the one that has the smallest
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Figure 5. Comparison of I2I synthesis methods (SCGAN, UNIT, MUNIT, RegGAN) against ours

Figure 6. Comparison of Registration methods (SyN, Voxelmorph, GradICON) against ours. Normalized Mutual Information values are

overlaid

distance, thereby addressing the issue of misalignment. In

our experiments, we utilized multi-scale feature maps from

the layers “conv1 2”, “conv2 2”, and “conv3 2” to capture

high-resolution features, allowing for finer texture represen-

tation.

To enhance the generation of high-fidelity images, we

employed a discriminator loss based on a Generative Adver-

sarial Network (GAN). This approach encourages the gen-

eration of images that are indistinguishable by the discrim-

inator from the reference-CT. Specifically, we utilized the

patch-based Least Squares GAN (LSGAN) method [11].

Total loss function: The total loss is computed as follows,

with the balance of the weights being task-dependent.

Ltotal = λpatchNCELpatchNCE + λcxLcx + λganLgan

4. Experimental setup
4.1. Dataset and pre-processing

We utilized the publicly available SynthRAD2023

dataset2 with MR to CT data pairs in the pelvis region. De-

spite initial rigid registration, significant misalignments re-

mained, providing a realistic challenge. MR images were

sourced from three institutions using T1-weighted gradient

echo sequences at 1.5T or 3T. We pre-processed MR data

with N4 bias field correction and Nyul histogram matching

to standardize contrast variations. For CT images, we ap-

plied windowed HU clipping based on the 5% to 95% per-

centiles and performed z-score normalization. From a total

2https://synthrad2023.grand-challenge.org/

of 165 patients, excluding participants with severe artifacts,

112 were used for the training set, 18 for the validation set,

and 35 for the testing set. All images were resized to en-

sure consistent width and height across all patients. During

training, we used random patch cropping with a fixed size

of 96× 96.

4.2. Implementation details

We first train the Synthesis Network (G) and freeze it.

Then, we train the Registration Network (R), freeze it, and

proceed to train the other untrained part of the network. For

cross-attention, we use two heads with a local patch size

of 28 (see Table 3). The U-Net is fully convolutional and

initialized using Kaiming normal initialization. We use the

Adam optimizer with default settings and a multistep learn-

ing rate scheduler to reduce the learning rate by 0.1 at the

20th and 30th epochs. Total loss weights λpatchNCE, λcx, and

λgan are set to 0.1, 1, and 0.1, respectively.

Experiments were conducted on NVIDIA RTX A5000

GPUs using PyTorch, with a batch size of 4 for 100 epochs,

taking 68 hours on a single GPU.

5. Results
5.1. Evaluation of pseudo-CT quality

Experimental setting: We compared the image quality of

pseudo-CTs generated by our method with widely used and

state-of-the-art unsupervised I2I translation methods [20,

25, 9, 14], registration methods [4, 18, 22, 32, 40], and

a hybrid approach [28], as shown in Table 1. Our main

objective is to ensure high structural alignment with MR

images while maintaining accurate texture and details. We
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Figure 7. Comparative analysis of downstream segmentation from 3D stacked pseudo-CT image. The yellow regions indicate the bone

segmentation masks produced by TotalSegmentator. 3D images are obtained by stacking 100 axial images.

assess structural alignment using gradient correlation (GC;

demonstrated in Sec. 3 of the Supp) with Canny edge de-

tection and normalized mutual information (NMI). Texture

quality relative to reference CTs is measured using Fréchet

Inception Distance (FID) on the test data. Image sharpness,

without any reference, is evaluated by calculating the vari-

ance of the laplacian, with higher values indicating sharper

images.

Results: In Table 1, our proposed method demonstrates

second-best performance across all metrics, including GC,

NMI, FID, and sharpness. While UNIT achieves the high-

est GC of 0.45, it frequently exhibits hallucinations and in-

correct intensity values, which is partially indicated by its

lower FID score (see Fig. 5). SyN shows the best perfor-

mance in NMI and FID but suffers from significant blurring

during interpolation, resulting in a low sharpness score of

55.0. Notably, despite being a 2D network, our method sur-

passes the performance of 3D registration networks across

all metrics. Qualitative evaluations, illustrated in Figs. 5 and

6, demonstrate the effectiveness of our method in preserv-

ing high-quality textures and accurate alignment.

5.2. Segmentation comparison

Experimental setting: To demonstrate the potential applica-

tions of our method, we evaluated its effectiveness in seg-

mentation using pseudo-CT images with TotalSegmenta-

Table 2. Quantitative comparison of downstream segmentation

metrics (Dice coefficient and Hausdorff distance) between 3D reg-

istration networks (Voxelmorph, LapIRN, TransMorph) and an I2I

translation network (MUNIT).

Metric: Dice coefficient (↑)

CT(Ref) Voxelmorph LapIRN TransMorph MUNIT Proposed

Hips 0.705 0.731 0.690 0.713 0.716 0.742
Femurs 0.771 0.808 0.772 0.804 0.788 0.816
Spinal cord 0.402 0.461 0.458 0.457 0.163 0.402

Urinary bladder 0.554 0.566 0.511 0.646 0.437 0.678

Metric: Hausdorff distance (↓)

CT(Ref) Voxelmorph LapIRN TransMorph MUNIT Proposed

Hips 33.46 11.67 27.90 11.51 25.43 10.97
Femurs 14.82 8.93 12.58 11.78 17.35 7.82
Spinal cord 12.19 10.75 10.06 10.25 15.74 10.45

Urinary bladder 27.50 22.66 22.46 19.32 36.28 16.17

tor [41], a tool designed for segmenting major anatomical

structures in CT images. For MR image segmentation, we

used a recently published version of the same tool [42]. Ax-

ial images were stacked in 3D before processing. For com-

parison, we performed an identical segmentation process on

results obtained from the comparison models: registration

and I2I translation approaches. The segmentation outcomes

were qualitatively evaluated by overlaying the derived bone

masks onto the corresponding MR images. The four com-

mon segmented regions between MR and CT were quanti-

tatively assessed using the Dice coefficient and Hausdorff
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distance. We noticed that there were notable errors in MR

segmentation but reported the values for fair comparisons.

Results: Figure 7 displays representative images illustrat-

ing severe misalignment in the bone region between MR

and CT. While registration methods (Fig. 7(a)) demonstrate

some improvement, residual misalignment is still notice-

able. MUNIT (the top-performing method among I2I ap-

proaches) also struggled to produce accurate segmentation

masks (Fig. 7(b)). In contrast, the proposed pseudo-CT

method delivers notably accurate bone segmentation masks,

highlighting the potential benefits of our method. In the

quantitative evaluation, the proposed method demonstrated

superior performance in most anatomical structures, with a

significant advantage in the urinary bladder (Table 2). How-

ever, the overall Dice coefficient was lower than expected

due to errors in the total-segmentor for MR segmentation

mask inference (see Sec. 2 of the Supp.). However, this

shows supporting evidence for the qualitative results.

5.3. Ablation study

Evaluation of the DACA block: We evaluate the effec-

tiveness of the core component of our method, the DACA

block, by adjusting two key elements (see Fig. 4): the lo-

cal patch size (P) in cross-attention, and the use of defor-

mation fields, denoted as Deformation Field (DF). Without

DF, vanilla cross-attention is applied. The evaluation met-

rics, GC, NMI, and FID, are consistent with those used in

the Results section. As shown in Table 3, both P and DF are

important elements in the proposed architecture.

Evaluation of loss functions: In the proposed method,

two different types of loss functions are used for train-

ing. One is the loss between the input MR images, and

the other is the loss between the reference CT images (see

Sec. 3.2). We compare conventional loss functions with

our proposed ones. Firstly, we compare the proposed con-

trastive loss for MR images (LpatchNCE) with Lmind, which

utilizes the modality-independent neighborhood descriptor

(MIND) loss [6], commonly used to preserve structural cor-

respondence across modalities, as seen in sc-CycleGAN

[25]. Additionally, we compare the conventional mean ab-

solute error (L1) with the contextual loss (Lcx) for the CT

images. When using LpatchNCE instead of Lmind for the MR

images, the performance in terms of GC and NMI was sig-

nificantly better (Table 4). As shown, the combination of

LpatchNCE and Lcx achieved the best results, with lower FID

and higher GC and NMI.

6. Conclusion and discussion

Our study introduces a novel approach for generating

aligned CT data with respect to MR. Results demonstrate

the efficacy of our method compared to registration meth-

Table 3. Ablation study for the DACA block. P denotes the local

patch size in cross attention. DF indicates whether the deformation

field is used. Gray denotes the setup of the proposed method.

P DF GC (↑) NMI (↑) FID (↓)

1 � 0.280 0.353 2.1
20 � 0.399 0.385 18.6

28 0.410 0.365 54.5

28 � 0.434 0.406 19.2

Table 4. Ablation study for the evaluation of loss functions

with MR with CT

Lmind LpatchNCE L1 Lcx GC(↑) NMI(↑) FID(↓)

� � 0.362 0.301 18.3
� � 0.412 0.378 33.1

� � 0.434 0.406 19.2

ods (in terms of alignment) as well as I2I methods and the

registration + I2I method (in terms of textual preservation).

We also show the potential of using our method for example

to effectively perform bone segmentation in MR with gen-

erated aligned CT. We consider another future application

to improve downstream MR-to-CT synthesis tasks by using

the generated pseudo-CT as a pseudo label. This might be

applicable in cases where precise alignment was difficult.

In this study, due to the absence of ground truth caused

by the misalignment between paired MR and CT images,

we utilized indirect metrics such as GC and NMI to assess

the cross-modality alignment. In future work, we plan to

directly validate the proposed method’s performance using

well-aligned datasets, such as full-body phantoms for MR

and CT.

In the current scope of this study, our method is designed

to operate on 2D slices rather than in 3D due to the GPU

memory limitations from memory-intensive cross-attention

computation. We plan to extend the framework to 3D in

future studies, utilizing memory-efficient transformers such

as flash-attention or other modifications. However, despite

this limitation, our method, computed in 2D slices and then

stacked, demonstrates superior alignment compared to 3D

registration methods (Tables 1 and 2). This confirms the

efficacy of our method, and we anticipate further improve-

ments when 3D operation becomes feasible.
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