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Abstract. Cross-modality synthesis from CT to MRI provides MRI-
level soft-tissue detail without additional scans, yet existing approaches
face three major limitations: the substantial modality gap between CT
and MRI, slice-level quality variation without explicit estimation, and
underutilization of 3D anatomical continuity. While prior work has pri-
marily focused on MRI-to-CT synthesis, CT-to-MRI generation remains
challenging. We propose LGN (Learning from Good Neighbors), a frame-
work for synthesizing MRI from CT, consisting of three components:
(1) a Latent Diffusion Model (LDM) for draft MRI generation, (2) a
slice-level Quality Predictor trained via LPIPS-based teacher—student
learning, and (3) a 3D context-aware Cross-Attention Refiner that selec-
tively improves suboptimal slices using high-quality neighboring slices.
Experiments on 398 patients demonstrate consistent improvements in
LPIPS, PSNR, and MAE with reduced artifacts and enhanced anatom-
ical consistency, highlighting the effectiveness of quality-guided cross-
slice refinement for CT-to-MRI synthesis. The source code is available
at https://github.com/YouKyoung-Na/LGN.
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1 Introduction

Cross-modality synthesis in medical imaging generates images of one modality
from another, reducing the need for additional scans [1]|. This is particularly use-
ful in clinical settings where acquiring multiple imaging modalities is challenging.
For example, in emergency care, Computed Tomography (CT) is widely used as
first-line imaging due to its speed and accessibility. However, CT provides lim-
ited soft-tissue contrast compared to Magnetic Resonance Imaging (MRI), which
is more sensitive for neuroimaging, including stroke and hemorrhage detection.
Despite these advantages, MRI is often impractical due to high cost, claustro-
phobia, long scan times, and contraindications in patients with certain implants
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or devices (e.g., pacemakers, neurostimulators). Therefore, generating MRI from
fast, widely available CT is clinically advantageous, as it can provide MRI-level
soft-tissue detail without requiring MRI acquisition.

However, existing CT-to-MRI synthesis approaches face several limitations.
First, the physical gap between CT and MRI is significant: CT measures X-
ray attenuation while MRI captures magnetic resonance signals from hydrogen
nuclei. Consequently, many prior works have focused on MRI-to-MRI transla-

tion (e.g., T1-to-T2) | | or MRI-to-CT synthesis [6 9], leaving CT-to-MRI
synthesis relatively less studied. Recent diffusion-based models [1] have demon-
strated strong performance in cross-modal synthesis | |, yet CT-to-MRI syn-

thesis remains imperfect in practice. Second, generated MRI quality can vary
substantially across slices in a 3D volume, but most methods do not quantify
slice-level quality. Therefore, a mechanism to mitigate slice-wise quality incon-
sistency is needed. Medical images exhibit strong anatomical continuity between
adjacent slices, yet many methods process slices independently and fail to lever-
age this 3D context.

To address these limitations, we propose LGN (Learning from Good Neigh-
bors), a framework for generating diffusion-weighted imaging (DWI) from CT.
DWTI is a widely used MRI sequence for neuroimaging, particularly for assessing
acute stroke and related hemorrhagic lesions. DWI includes multiple acquisitions
at different b-values; we use b=0 as an anatomical reference and b=1000 to cap-
ture diffusion restriction. For brevity, we hereafter use “MRI” to denote DWI
(b=0 and b=1000) throughout this paper.

Our framework consists of three components. First, we employ a Latent Dif-
fusion Model (LDM) [16] for CT-to-DWI synthesis. By modeling the diffusion
process in a compressed latent space, LDM enables computationally efficient
learning of complex cross-modal mappings | |. Second, we introduce a Qual-
ity Predictor to estimate slice-level quality for the LDM-generated MRI. Trained
via LPIPS-based teacher—student learning, it predicts slice-level quality scores to
guide selective refinement. Third, we design a Cross-Attention Refiner to lever-
age 3D context. It aggregates information from high-quality neighboring slices
to refine the low-quality target slice, explicitly exploiting anatomical continuity
across the volume.

To validate the effectiveness of LGN, we evaluate it on 398 patients with
paired CT-MRI data from *** Hospital. Results show consistent improvements
over existing methods in SSIM, PSNR, and LPIPS. Our method produces higher-
quality synthesis than an LDM-only baseline [16], with qualitative results show-
ing reduced artifacts. The Cross-Attention Refiner improves anatomical conti-
nuity and slice-level consistency, suggesting that leveraging high-quality neigh-
boring slices is beneficial for CT-to-MRI synthesis. Our main contributions are
as follows: (1) We propose LGN; a slice-wise quality-aware CT-to-DWI synthesis
framework that integrates latent diffusion with explicit slice-level quality estima-
tion. (2) We introduce a quality-guided cross-slice refinement mechanism that
exploits 3D anatomical continuity to mitigate slice-wise inconsistency. (3) We
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Fig. 1. Overview of the proposed LGN for CT-to-MRI synthesis. (a) CT-conditioned
LDM for draft MRI generation. (b) A teacher-student Quality Predictor estimates
quality. (¢) A Cross-Attention Refiner leverages good neighbors to refine the draft.

demonstrate consistent improvements over strong baselines on a clinical dataset
of 398 patients.

2 Proposed Methods

We propose a framework for generating Diffusion-Weighted Imaging (DWI) from
Computed Tomography (CT). DWI is a Magnetic Resonance Imaging (MRI)
sequence; for brevity, we refer to DWI as MRI throughout this paper as men-
tioned in Sec. 1. Figure 1 illustrates the overall architecture, which consists of
three components: (a) Latent diffusion model (LDM), (b) Quality predictor,
and (c) Cross-attention refiner. The LDM first generates draft MRI from CT
image, then the quality predictor estimates the quality of each generated draft
slice. Finally, the cross-attention refiner selectively refines low-quality slices by
leveraging context from neighboring slices.

2.1 Latent Diffusion Model for Draft MRI Generation

Latent Diffusion Model (LDM) [16] performs diffusion in a low-dimensional la-
tent space rather than the high-dimensional image space, achieving both com-
putational efficiency and high generation quality. For cross-modality tasks like
CT-to-MRI, LDM effectively bridges large domain gaps while preserving fine
anatomical structures [5, 10]. Therefore, we adopt LDM to generate draft MRI
from CT image. Given the i-th H x W MRI slice zM¥ € RT>W from a
patient’s 3D volume, we encode it into a d-dimensional latent representation
z;0 = Eyri(zMR) € R? using a pretrained MRI encoder Eyg.

Diffusion models learn data distributions by modeling a noise-adding forward
process and a mnoise-removing reverse process. The forward process gradually
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adds Gaussian noise to the clean latent z; o over T steps, transforming it into
pure noise z; 7 as follows:

4(Zit|Zit—1) = N(Zit; V1 — Bizii—1, i), (1)

where ¢t € {1,2,--- T} denotes the diffusion step, 5; controls the noise level at
each step, and I is the identity matrix indicating independent Gaussian noise
across dimensions.

To generate MRI corresponding to input CT image, we perform conditional
generation using CT image as the condition. The CT image CE?T is encoded into
a conditioning vector ¢; = ECT(xiCT) € R? via a separate CT encoder Ecr.
The reverse process learns to denoise the noisy latent z;; conditioned on c;,
recovering the original latent z; 9. Then, a U-Net-based denoising network eq is
trained to predict the added noise at each step by €, = €y(2;+,%,¢;), where z; 4
is the noisy latent at step ¢, and c; is the CT conditioning vector. The predicted
noise € is used to iteratively recover the clean latent z; o from the noisy z; 7.

During inference, we use DDIM [19], which replaces stochastic diffusion sam-
pling with a deterministic process, enabling reproducible results from the initial
noise z; v and condition c;, while significantly accelerating inference with fewer
sampling steps. At each timestep ¢, DDIM first predicts the clean latent 2; o:

20 = (2ig — €,0V1 — &) [V, (2)

where o = Hizl(l — fBr) is the cumulative noise schedule. Then, the next
latent z;,_; is computed as: z;,—1 = \/@—_12i0 + €,1+/1 — &;—1. This process
repeats from ¢t = T' to ¢t = 1, transforming pure noise z; 7 ~N (0, I) into the final
clean latent Z; . Finally, a pretrained decoder Dygrr generates the draft MRI
#MRL = Dyiri(24,0), which serves as input for subsequent quality evaluation and
selective refinement.

2.2 Quality Predictor

Draft MRI 2MR! generated by the LDM exhibits inconsistent quality, with some
slices containing artifacts or distortions. To address this issue, we introduce a
quality estimation module that predicts quality of the draft MRI. To this end,
we employ a teacher—student framework, where the teacher provides pseudo-
labels, and the student learns to predict quality. We employ ResNet-50 [22] as
the backbone of the teacher model, whereas a more lightweight VGG-19 [23] is
used for the student model, as illustrated in Fig. 1(b).

The teacher model @ieacher 1S a feature extractor pretrained on a large-scale
2D image dataset (ImageNet [21]). Given an image pair (MBI 2MR1) as input,
the LPIPS [20] distance between the extracted features by the teacher model is
computed by d?PIPS = LPIPS(dteacher (ZMRL, 2MR1)) To obtain a pseudo-label ¢
normalized to [0,1], the perceptual distance is transformed as ¢; = 1— o (d-F1FS),
where o(-) denotes the sigmoid function. Then, the student model Gstydent iS
trained on the pseudo-labels ¢; and predicts quality scores ¢; for draft MRI.
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The teacher model is used solely for training the student model, and during
inference with the proposed LGN, only the student model is employed as the
quality predictor.

2.3 Cross-Attention Refiner with Neighbor Slices

Finally, we design a cross-attention-based refiner to refine low-quality draft MRI
slices using high-quality neighbors. For each draft MRI #MR! we select neigh-
boring slices with higher quality based on ¢; than the target slice to form a good
neighbors set defined by X; = {ﬁ?“u |i—n<j<i+n, j#i, §j > ¢}, wheren
controls the number of neighboring slices considered around the i-th slice. This
excludes low-quality neighbors and retains only those that can provide useful
information for refinement.

The refiner comprises feature encoders, a cross-attention fusion module, and
a decoder. The target slice 4, its corresponding CT image, and neighboring slices
are encoded into feature representations using separate encoders Feen, EcTfeat,
Eeign, respectively, as follows:

f; = ECQH(SE?/[RI)v fiCT = ECTfeat(mch)? F;= {fJ ‘ fj = Eneigh(:E?/IRI)v JE XZ} (3)

High-quality neighbors contain useful anatomical information for refining the
target slice ¢. To this end, we apply cross-attention with the center as query and
neighbor information as key and value as follows:

£79% = CrossAttn(Q = f;, K =V = F;). (4)

The feature £77°% is then concatenated with the center feature f; and CT condi-
tion fCT as ff1sed = Concat(f;, £77°%%, £°T). Through this refinement, low-quality
slices are improved by leveraging information from high-quality neighbors and
CT image. The fused feature f{*d is then passed through a decoder to produce
final MRI #MB! with reduced artifacts and enhanced structural consistency.

2.4 Loss Functions

The proposed LGN consists of three modules, (a), (b), and (c) (see Fig. 1),
which are trained independently and then merged in a unified framework. The
loss functions used to train each module are defined as follows.

LDM loss. The denoising network €y is trained to predict the added noise € at
each timestep ¢. During training, Gaussian noise e ~N (0, I) is added to the latent
z;0 to produce z;, which is fed into the network along with the CT condition
c;. The loss is the mean squared error between predicted €; ; and ground-truth
noise € as follows:

Lrom =By, o teseanon [lle— éicll3] - (5)

Quality Predictor loss. The student model @gtudent is trained to regress pseudo-
labels g; generated by the teacher model ¢teacher- Given a draft MRI i‘%\/IRI, the
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Fig. 2. Examples of CT and MRI images in the refinement process. Red boxes highlight
artifact regions. Q denotes the quality score predicted by the Quality Predictor.

student model predicts a quality score and minimizes the mean squared error:
. 2
‘Cquality =E |:(¢student (x’IL}/IRI) - QZ) :| . (6>

Cross-Attention Refiner loss. We train the refiner using two losses. L loss
enforces pixel-wise accuracy between the refined and the ground-truth MRI,
while LPIPS loss encourages perceptual similarity in feature space. The final
loss is a weighted combination as follows:

1 1
Lrofiner = 5]E [|ZMBE — 2R + §IE [LPIPS(zMR!, zMR1)] . (7)

3 Experiments

3.1 Datasets and Settings

Datasets. This study uses paired CT and DWI (b = 0 and 1000 s/mm?) scans
from 398 patients (male 56%, mean age 70, range 26-96) collected at Chonnam
National University Hospital under IRB approval. CT was acquired on a GE
Discovery CT750 HD and MRI on a Philips Ingenia CX 3T. Each CT-MRI pair
was affline-registered and skull-stripped using HD-BET [11]| to focus analysis
on intracranial tissue. The dataset was split into 375 patients (5,878 slices) for
training and 23 patients (513 slices) for evaluation.

Settings. All experiments were conducted on an NVIDIA L40S GPU with the
AdamW optimizer. LDM: 300 epochs, batch size 16, learning rate 1 x 104, Qual-
ity Predictor: 50 epochs, batch size 32, learning rate 5 x 10~*. Cross-Attention
Refiner: 500 epochs, batch size 8, learning rate 1 x 107%.

3.2 Experimental Results

Quality Predictor. To validate the Quality Predictor, we measured the Pear-
son correlation between the predicted scores ¢; and the LPIPS-based pseudo-
ground truth g¢;, achieving 0.986. This high correlation indicates that the student
model reliably approximates the teacher’s quality estimates, enabling accurate
quality prediction of the draft images #}MRI.

Effects of Refiner with Neighboring Slices. As shown in Fig. 2, we first

use the Quality Predictor to identify neighboring slices with higher predicted
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Table 1. Quantitative ablation study of LGN variants for MRI synthesis (DWI b=0
and 1000). Best results are in bold, and second-best results are underlined.

. \ b=0 | b=1000
Configuration
|LPIPS| SSIMT PSNRT MAE||LPIPS| SSIMt PSNRT MAE]|
LDM Only 0.087 0.863 24.82 0.029 | 0.081 0.879 32.12 0.010
Refiner Only 0.082 0.865 25.08 0.024 | 0.078 0.888 32.86 0.010

LDM + Refiner (w/o CT) 0.075 0.855 24.65 0.025| 0.078 0.884 32.40 0.010
LDM + Refiner (w/o neigh-)| 0.066 0.864 25.55 0.021 | 0.070 0.891 34.10 0.009
Full (Ours) 0.061 0.871 25.74 0.020| 0.068 0.892 34.55 0.009

Table 2. Effect of the number of good neighbor slices on refinement performance.

# Neighbors | b=0 | b=1000
|LPIPS] SSIMt PSNRT MAE||LPIPS| SSIM{ PSNRT MAE]

0 (w/o neighbors) | 0.066 0.864 25.55 0.021 | 0.070 0.891 34.10 0.009
1 0.063 0.869 25.68 0.020| 0.069 0.892 34.45 0.009

3 0.061 0.871 25.74 0.020| 0.068 0.892 34.55 0.009
5 0.064 0.867 25.62 0.021 | 0.071 0.891 34.48 0.009
All (w/o selection)| 0.065 0.865 25.60 0.021 | 0.072 0.891 34.20 0.010

quality than the draft image and use them as references for cross-attention re-
finement. This refiner suppresses artifacts present in the draft MRI and better
recovers fine anatomical details, producing an output that is visually closer to
the ground-truth MRI. The predicted quality score also improves markedly, in-
creasing from @ = 0.865 (draft) to @ = 0.925 (refined), outperforming even the
selected high-quality neighbors N1 and N2 (Q = 0.875 and @ = 0.897). Further-
more, the quality distribution also shows reduced variance compared to draft,
indicating more consistent synthesis as shown in the last column of Fig. 2.
Table 1 shows that adding the Refiner improves all metrics over LDM only
even without neighbors (using only the target slice and CT), and incorporating
neighboring slices in Full (Ours) further reduces LPIPS from 0.066 to 0.061 for
b=0 and from 0.070 to 0.068 for b=1000, demonstrating the benefit of anatom-
ical context from high-quality neighbors. In contrast, LDM+Refiner (w/o CT)
underperforms Full, indicating that CT conditioning and neighboring-slice con-
text are complementary. Table 2 further shows that LGN performs best with
three neighboring slices. Using too few neighbors (0 or 1) provides limited con-
textual benefit, whereas using too many neighbors (5 or all) can dilute useful
context and degrade refinement performance.
Performance Comparison. Table 3 provides quantitative comparison against
existing state-of-the-art methods. LGN achieves the best LPIPS and MAE (lower
is better) and the highest PSNR for both b=0 and b=1000. In terms of LPIPS,
LGN achieves 0.061 for b=0 and 0.068 for b=1000, corresponding to 30% and
16% improvements over the previous best method, Latent Diffusion Model (LDM)
[16] (also used as our baseline), respectively. LGN also achieves the best PSNR
and MAE among all compared methods. However, CycleGAN [13] and Pix2Pix
[11] achieve higher SSIM than LGN. As noted in prior studies [ |, SSIM
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Table 3. Comparison with state-of-the-art methods on DWI (b=0 and 1000) synthesis.
Best results in bold, second best underlined.

Method \ b=0 \ b=1000

|LPIPS| SSIM{ PSNRT MAE]|LPIPS| SSIM{ PSNRT MAE]
GAN (2014) [12] 0.106 0.802 17.21 0.056 | 0.145 0.823 29.09 0.016
CycleGAN (2017) [13] 0.096 0.842 20.51 0.040 | 0.103 0.864 30.06 0.014
Pix2Pix (2017) [14] 0.088 0.882 24.11 0.027 | 0.095 0.889 32.05 0.011
CUT (2020) [15] 0.089 0.874 23.08 0.029 | 0.090 0.898 32.67 0.011
LDM (2022-2025) | ]| 0.087 0.863 24.82 0.029 | 0.081 0.879 32.12 0.010
LGN(Ours) | 0.061 0.871 25.74 0.020| 0.068 0.892 34.55 0.009

CT GAN[12] CycleGAN[I3] Pix2Pix[14]  CUT[15] LDM[ Ours
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Fig. 3. Qualitative comparison with other methods for CT-to-MRI synthesis. Red
boxes and arrows highlight hemorrhagic regions (e.g., microbleeds and bleeds).

has inherent limitations: it is based on local pixel statistics and overall inten-
sity distributions, which can assign high scores to images that preserve coarse
structures even when fine details are blurred.

Figure 3 shows qualitative results for each method. Note that our goal is
anatomically faithful CT-to-MRI synthesis, not lesion detection, and we do not
quantitatively evaluate lesion detectability. Nevertheless, preserving clinically
meaningful fine details (e.g., hemorrhage) is crucial for practical use. Previous
methods generally capture the overall structure but often miss subtle details. In
the first row (microbleed), other methods fail to reproduce microhemorrhages,
whereas LGN successfully synthesizes them (red arrows). In the second and third
rows (bleed), LGN more accurately reconstructs both acute and chronic hem-
orrhages. Overall, these results suggest that LGN better preserves anatomically
faithful MRI appearance, including clinically important lesion details, despite
the substantial modality gap between CT and MRI.
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4 Conclusions and Future Works

We proposed LGN, a framework for CT-to-MRI synthesis from non-contrast
CT, consisting of three components: (1) a Latent Diffusion Model for draft MRI
generation, (2) a slice-level Quality Predictor trained via LPIPS-based teacher—
student learning, and (3) a 3D context-aware Cross-Attention Refiner that se-
lectively refines suboptimal slices using high-quality neighboring slices. Experi-
ments on 398 patients demonstrate consistent improvements in LPIPS, PSNR,
and MAE over strong baselines. These findings highlight that quality-guided
cross-slice refinement is an effective strategy for improving anatomical consis-
tency in CT-to-MRI synthesis. Future work includes extending the framework
to other MRI sequences and exploring the use of synthesized MRI for down-
stream clinical tasks such as stroke and hemorrhage analysis.
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