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Abstract

Multi-contrast magnetic resonance (MR) images offer
critical diagnostic information but are limited by long scan
times and high cost. While diffusion models (DMs) excel
in medical image synthesis, they often struggle to maintain
anatomical consistency and utilize the diverse characteris-
tics of multi-contrast MR images effectively. We propose
APT, a unified diffusion model designed to generate ac-
curate and anatomically consistent multi-contrast MR im-
ages. APT introduces a mutual information fusion mod-
ule and an anatomical consistency loss to preserve criti-
cal anatomical structures across multiple contrast inputs.
To enhance synthesis, APT incorporates a two-stage infer-
ence process: in the first stage, a prior codebook provides
coarse anatomical structures by selecting appropriate guid-
ance based on precomputed similarity mappings and Bézier
curve transformations. The second stage applies iterative
unrolling with weighted averaging to refine the initial out-
put, enhancing fine anatomical details and ensuring struc-
tural consistency. This approach enables the preservation
of both global structures and local details, resulting in re-
alistic and diagnostically valuable synthesized images. Ex-
tensive experiments on public multi-contrast MR brain im-
ages demonstrate that our approach significantly outper-
forms state-of-the-art methods. The source codes are avail-
able at https://github.com/yejees/APT.

1. Introduction
Multi-contrast magnetic resonance (MR) images serve as a
crucial non-invasive modality for the detection and treat-
ment of brain disorders. Multiple modalities offer com-
plementary information that enhances patient characteri-
zation and guides clinical decisions. By integrating data
from multiple imaging modalities, clinicians can obtain a
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more comprehensive view of tumors and lesions, thereby
improving diagnostic accuracy and optimizing treatment
planning. However, acquiring multi-contrast MR images is
time-consuming and costly, posing discomfort for patients
and increasing the risk of motion artifacts that reduce image
quality [9, 24, 36, 40].

Diffusion Models (DMs) [8, 32] have gained increas-
ing attention in recent research due to their robust mode
diversity and high-quality image generation capabilities
[6, 37], with growing applications in medical image synthe-
sis [16, 26, 28]. DMs iteratively denoise samples to capture
complex structural details, making them valuable for tasks
requiring fine-grained anatomical accuracy. However, the
stochastic nature of the denoising process can disrupt the
preservation of consistent anatomical structures [25], po-
tentially compromising the clinical relevance of synthesized
images. Moreover, translation across multiple modalities
presents challenges in maintaining anatomical consistency
while effectively integrating the diverse characteristics of
multi-contrast MR images [14].

In this study, we introduce APT, a unified diffusion
model that incorporates Anatomical Consistency and an
Adaptive Prior-informed Transformation to ensure anatom-
ically consistent synthesis of multi-contrast MR images.
To maintain anatomical consistency throughout the syn-
thesis process, APT implements a comprehensive frame-
work. First, we utilize a pretrained biomedical vision-
language model [41] to extract anatomical features from
multi-contrast images, which are then integrated through
a mutual information fusion module. To enhance struc-
tural alignment, we propose an anatomical consistency loss
that compares fused features from randomly selected multi-
contrast images of the same patient with the overall feature
set. These anatomically-aware features guide the diffusion
model via cross-attention, ensuring the preservation of crit-
ical anatomical structures during synthesis.

The prior codebook is a memory mechanism designed
to provide optimally initialized images for missing contrast
images during inference. It achieves this by leveraging the
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similarity between each contrast image and augmented ver-
sions of multi-contrast images generated using Bézier curve
transformation functions [27]. It comprises three key com-
ponents for each contrast image: index mappings, transfor-
mation functions, and intensity scaling weights, enabling
the generation of more accurate and high-fidelity images.

For inference, we propose a two-stage process to gener-
ate missing contrast MR images. The first stage initializes
the generation from an anatomically-informed prior pro-
vided by the pre-computed codebook, rather than starting
from a complete noise state. This prior serves as a struc-
tured starting point, which is enhanced in the subsequent
reverse diffusion process [8]. The second stage refines de-
tailed anatomical structures affected by the stochastic diffu-
sion process through iterative unrolling near the final step,
applying weighted averaging to ensure anatomical precision
in the generated images. This approach ensures both global
anatomical consistency and accurate local structural details.
We validate our approach with experiments on two public
multi-contrast brain MRI datasets, demonstrating that our
method outperforms existing methods in multi-contrast MR
image synthesis.

In summary, our contributions are as follows:
• We propose APT, an anatomically-aware diffusion model

that utilizes multi-contrast MR images to generate accu-
rate and anatomically consistent MR image synthesis.

• We introduce a mutual information fusion module and an
anatomical consistency loss to enhance anatomical align-
ment in synthesized MR images.

• We designed a prior codebook to provide anatomically-
informed initialization for target image synthesis.

• Two-stage inference strategy employed prior-informed
transformation and iterative unrolling to refine anatomi-
cal details, ensuring consistent and accurate MR image
generation.

2. Related Work

2.1. CLIP

Contrastive Language-Image Pre-training (CLIP) [29] is a
powerful pre-training framework that has been trained on
a large-scale dataset, demonstrating exceptional general-
ization capabilities and interpretability. This text supervi-
sion allows CLIP vision encoder to excel in various tasks
[17, 22, 23, 30, 35]. Recently, CLIP has gained promi-
nence in the medical imaging field, leading to the devel-
opment of biomedical vision-language foundation models
(VLMs) built on contrastive learning [7, 34, 41]. Pub-
MedCLIP [7] is a vision-language encoder pretrained on
medical image-caption pairs sourced from PubMed arti-
cles. BiomedCLIP [41] adapts the CLIP model for the
biomedical domain and optimizes the tokenizer and con-
text size to effectively handle lengthy biomedical literature.

These domain-specific adjustments enable BiomedCLIP to
achieve enhanced performance across various tasks com-
pared to existing biomedical VLMs.

2.2. Multi-Contrast MR Image Synthesis
Multi-contrast MR images utilize multiple contrast tech-
nique to image the identical anatomical structures, pro-
viding essential complementary insights for the diagno-
sis and assessment of tumors and lesions [12, 20]. How-
ever, acquiring multi-modality MR imaging requires sub-
stantial time and expense [11, 15, 38], limiting its practi-
cality in clinical settings. Trans-modal MR image synthe-
sis addresses these limitations by mapping available MRI
modalities to the target domain of missing modalities, ef-
fectively generating missing contrasts and enhancing MRI’s
clinical utility [3, 10, 42]. Generative adversarial networks
(GANs) are widely utilized in medical image translation
by learning mappings between distinct image distributions
[5, 13, 18, 19, 39, 44]. MM-GAN [31] consists of a CNN-
based generator and discriminator, designed to handle di-
verse source-target modality mappings within a single net-
work. Despite these advances, GANs face inherent insta-
bility during training due to the nature of adversarial loss,
leading to problems like mode collapse and vanishing gra-
dients [6, 13].

2.3. Diffusion for MR Image Synthesis
Diffusion models have recently emerged as a leading ap-
proach in generative modeling, known for their robust mode
coverage and high-quality image generation [6, 8, 37]. Dif-
fusion models are probabilistic frameworks based on a bidi-
rectional Markov chain, where Denoising Diffusion Prob-
abilistic Models (DDPM) [8] optimizes conditional prob-
ability by aligning noise in the forward and reverse pro-
cesses using a specialized loss function. LDM [30] inte-
grates cross-attention modules within a U-Net architecture,
facilitating the generation of images under various condi-
tions with greater efficiency. Diffusion models have shown
great potential in the field of medical imaging synthesis
[16, 26, 28], offering new possibilities for enhancing di-
agnostic accuracy in clinical settings by generating target
domain images using source domain data. SynDiff [28] is
the first adversarial diffusion model that leverages a cycle-
consistent architecture for unsupervised training of a condi-
tional diffusion model. M2DN [26] employs a multi-input
multi-output framework, enabling efficient modality syn-
thesis across various missing scenarios.

3. Methodology

We introduce APT, a unified model for multi-contrast MR
image synthesis, integrating anatomical consistency and
adaptive prior-informed transformation. Fig. 1 illustrates
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Figure 1. Overview of the proposed training framework for multi-contrast MR image synthesis using a conditional diffusion model. zalls

denotes the vector representing all multi-contrast images of subject s, while zsubs denotes the vector representing a sub-sampled image of
subject u.

Figure 2. Prior Codebook for Prior-informed Transformation. The
left section illustrates augmented versions of target contrast image
xc generated using Bézier curves. xc′ denotes transformed images
of each contrast xc.

the main training framework, which consists of (a) anatom-
ical information alignment using a mutual information fu-
sion module and (b) a conditional diffusion model. MR im-
age synthesis is guided by a prior codebook (Fig. 2) and em-
ploys a two-stage inference strategy (Fig. 3) to refine gen-
erated images from coarse to fine details.

3.1. Anatomical Information Alignment
Mutual Information Fusion Let x = {x1, x2, . . . , xC}
represent a set of multi-contrast MR images for the same
subject, where each xc corresponds to a different modal-
ity. As demonstrated in [21], text-image joint training can
enrich visual features with semantically aligned informa-
tion, enhancing the model’s ability to capture more com-
prehensive representations. To capture these features from
each contrast image, the vision encoder processes each xc

within the pretrained VLM, generating feature maps for
each contrast. The mutual information fusion (MIF) mod-
ule, shown in Fig. 1 (a), utilizes self-attention to learn how
each contrast image influences others, capturing dependen-
cies across contrasts. A feed-forward network (FFN) refines
the feature maps for enhanced representations. The refined
feature maps are aggregated to obtain a compact represen-
tation that captures the mutual information across contrasts,

resulting in the final feature representation zalls , where s de-
notes the subject-level fusion of all contrasts.

Anatomical Consistency Loss To align the anatomical in-
formation between different contrasts effectively, we utilize
a contrastive learning framework [29]. Two types of fea-
ture vectors are generated: zalls , derived from processing all
C contrasts {x1, x2, . . . , xC} through the MIF module, and
zsubs , obtained from a randomly selected subset of C − 1
contrasts. The vectors zalls and zsubs represent a positive
pair, with other combinations serving as negatives.

The contrastive loss is then defined as:

LAnatomy = − log
exp

(
zall
s

⊤
zsub
s /τ

)
exp(zall

s
⊤zsub

s /τ)+
∑

i̸=s exp(zall
s

⊤zs
i /τ)

(1)

where τ is a learnable temperature parameter, and zi rep-
resents a negative sample feature vector from a different
subject. This loss function promotes similarity between
zalls and zsubs , while discouraging similarity with nega-
tive samples zi. This alignment facilitates a unified multi-
contrast representation, ensuring anatomical consistency
across modalities.

3.2. Conditional Diffusion Model

After pretraining the MIF module to capture shared anatom-
ical features across contrasts, we leverage these pretrained
features as conditioning inputs for a conditional diffusion
model (CDM) [30] to synthesize multi-contrast MR im-
ages, as shown in Fig. 1 (b). The feature vector zalls , gener-
ated from the pretrained MIF module, is integrated into the
U-Net architecture through cross-attention layers. Within
these layers, the incorporation of zalls ensures that anatomi-
cal consistency is preserved at each diffusion step, guiding
the model to synthesize images that are structurally coher-
ent across contrasts. The objective function is defined as:

Ldiffusion = Ex0,ϵ,t

[
∥ϵ− ϵθ(xt, t, z

all
s )∥22

]
(2)
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Figure 3. Overview of the proposed inference framework. The process includes (1) structurally consistent initialization using prior-
informed guidance to generate coarse anatomical structure, and (2) iterative refinement with weighted averaging to enhance fine details in
the synthesized images.

where x0 is the original multi-contrast images that integrate
information from all available contrasts, xt the noisy im-
age at step t, ϵ the added noise, and ϵθ(xt, t, z

all
s ) the pre-

dicted noise. At each step t, the model receives a noisy im-
age xt and progressively denoises it with zalls , maintaining
anatomical consistency.

3.3. Prior Codebook
To facilitate effective multi-contrast MR image synthesis,
we construct a prior codebook that captures the relation-
ships between different MR contrasts. The codebook stores
three essential components: (1) index mappings for high-
similarity image pairs, (2) transformation functions, and (3)
intensity scaling weights, as shown in Fig. 2.

To generate diverse variations of multi-contrast images,
we employ Bézier curves [27] defined with two endpoints
(P0 and P3) and two control points (P1 and P2):

B(r) =
n∑

i=0

(
n

i

)
Pi(1− r)n−iri, n = 3, r ∈ [0, 1] (3)

where r is a parameter along the curve, with domain and
range set within [−1, 1]. The transformed contrast images
are denoted as Φ(B(r), xc). Through different Bézier curve
parameters, diverse variations are generated for each con-
trast, resulting in transformed images for each of the C con-
trasts with 4 different parameter settings.

Using the VLM vision encoder, we compute atten-
tion maps between all image pairs in the training dataset
to identify similar pairs, excluding self-similar and self-
transformed images. These mappings are stored in the
codebook for efficient retrieval during inference. For each
high-similarity pair identified, we compute contrast-specific
scaling factors σtar,trn by extracting mean values from the
images, enabling adjustment of overall intensity levels to
match the target contrast characteristics.

3.4. Two-Stage Inference Process
The inference process in our framework is designed to syn-
thesize missing MR images through a two-stage approach,
as illustrated in Fig. 3.

Stage1: Prior-informed Transformation In the first stage,
we leverage the prior codebook to generate suitable guid-
ance images for each missing contrast. Given the avail-
able contrast images, we first identify corresponding in-
dex mappings from the codebook for the missing modal-
ity. These mappings are then used to select appropriate
transformation functions, which are applied to the source
images. The transformed images are further adjusted us-
ing pre-computed intensity scaling factors σtar,trn to ensure
global intensity consistency. This prior-informed transfor-
mation process generates anatomically consistent guidance
images that serve as structural references for the missing
contrast synthesis.

The reverse diffusion process starts at intermediate step
M , with T > T/2 > M > 0, where T denotes the to-
tal number of steps in the forward diffusion process. This
enables the model to begin from a more informed point, pre-
serving structural consistency by leveraging prior knowl-
edge. At each step t, the model iteratively refines the pre-
dicted image x0 using the following process:

x̂
(t)
0 ← x̂

(t)
0 − α · ∇xt

∥A(x̂
(t)
0 )− y∥22 (4)

where x̂
(t)
0 represents the predicted image at time step t, α

is a step-size parameter for gradient descent, A(.) denotes
an operator that extracts only the known contrast regions
from x̂

(t)
0 , and y represents the known multi-contrast im-

ages. This gradient-driven refinement iteratively improves
x0, ensuring that the generated image stays consistent with
the available contrasts and prior guidance.
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Table 1. Quantitative results of the comparison study on BraTS2021 and ADNI datasets. The best PSNR and SSIM values are in bold.

BraTS ADNI
FLAIR T1-w T1Gd T2-w T1-w T2-w PD

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
MM-GAN [31] 23.35 0.882 25.13 0.925 20.40 0.869 24.93 0.920 20.40 0.784 23.61 0.820 24.5 0.826
HiNET [43] 24.36 0.898 23.50 0.923 23.64 0.886 26.10 0.930 20.14 0.793 23.97 0.838 24.44 0.833
ResViT [4] 23.72 0.871 24.13 0.914 23.71 0.877 26.30 0.928 19.62 0.768 23.95 0.833 24.65 0.827
ADM [6] 21.58 0.833 22.79 0.887 23.83 0.868 22.84 0.855 16.53 0.659 21.37 0.767 22.31 0.795
SynDiff [28] 21.98 0.846 23.74 0.924 24.49 0.856 25.17 0.916 20.40 0.794 22.83 0.813 24.75 0.821
M2DN [26] 23.83 0.870 24.01 0.905 22.65 0.899 24.66 0.901 19.59 0.773 22.99 0.777 23.99 0.801
Ours 25.52 0.920 25.88 0.942 24.54 0.903 27.44 0.951 20.82 0.804 24.56 0.854 24.48 0.849

Stage2: Iterative Unrolling In the second stage, we en-
hance the details of the coarsely generated image from
Stage 1 by iteratively unrolling the conditional diffusion
process with a weighted averaging technique, aiming to
generate a refined image. After completing S steps of the
reverse diffusion process in Stage 1, Stage 2 performs N
unrolling iterations, starting from a step close to zero, to
progressively refine the initial output. This iterative process
improves both anatomical details and overall image quality
by fine-tuning the structure at each iteration.

At each iteration n within the current diffusion step t,
the predicted image x̂

(t,n+1)
0 is updated through weighted

averaging. The update is a combination of the previous pre-
diction x̂

(t,n)
0 and the current prediction x̂

(t,n+1)
0 , expressed

as:

x̂
(t,n+1)
0 ← x̂

(t,n)
0 · (1− wn) + x̂

(t,n+1)
0 · wn (5)

where wn is the weighting factor at iteration n, controlling
the balance between the previous and current predictions.
This update mechanism aligns with the reverse diffusion
process, allowing for iterative refinement of both the global
and finer details of the generated image.

4. Experiments and Analysis
4.1. Setup
Datasets We evaluate the model on BraTS 2021 [2] and
Alzheimer’s Disease Neuroimaging Initiative (ADNI) [1]
datasets. The BraTS 2021 dataset comprises a total of
2,040 cases of multi-parametric brain tumor MRI scans,
including T1-weighted (T1-w), post-contrast T1-weighted
(T1Gd (Gadolinium)), T2-weighted (T2-w), and T2 Fluid-
Attenuated Inversion Recovery (FLAIR) volumes. These
scans, collected from multiple institutions, reflect variations
in imaging protocols and equipments. All images were re-
sized to 256 × 256 pixels and processed as 2D slices. 80%
of the data was allocated for training, and the test set in-
cludes 200 slices from 50 randomly selected subjects. The
ADNI dataset includes 737 MRI scans from both cogni-
tively unimpaired and Alzheimer’s Disease (AD) patients.
The dataset includes T1-w, T2-w, and Proton Density (PD)

sequences, which were resized to 256 × 256 pixels. For
training, 80% of the data was used, while the test set con-
sists of 150 slices from 30 randomly selected subjects.

Implementation Details The proposed method was im-
plemented with the MIF module trained while maintain-
ing a frozen BiomedCLIP [41] vision encoder. The pa-
rameter C was configured to 4 for the BraTS 2021 dataset
and 3 for the ADNI dataset, with a subset of C − 1 ran-
domly selected during each training iteration. The train-
ing utilized a batch size of 512 and was conducted for
500 epochs. For MR image synthesis, a UNet-based con-
ditional diffusion model (CDM) [30] was employed. The
training was performed for 250k iterations on the BraTS
2021 dataset and 350k iterations on the ADNI dataset, with
an Adam optimizer set at a learning rate of 1 × 10−4 and
a batch size of 16. The diffusion model employed a co-
sine noise schedule over 1000 timesteps T . For Bézier
curve transformation, we employed four parameter set-
tings for (P0, P1, P2, P3): two increasing transformations
(−1,−1, 1, 1), (−1,−0.5, 0.5, 1) and two decreasing trans-
formations (1, 1,−1,−1), (1, 0.5,−0.5,−1). The param-
eters M , S, α, wn were set to 400, 20, 20, and 0.5 for
the BraTS 2021 dataset, and 200, 20, 50, and 0.5 for the
ADNI dataset, respectively. In the second stage, the param-
eter N was set to 50. All experiments were conducted on
an Ubuntu 20.04 operating system, utilizing two NVIDIA
RTX A6000 Tensor Core GPUs.

4.2. Comparison with State-of-the-art Methods

Quantitative Results We compared our method with six
recent state-of-the-art (SOTA) methods for multi-contrast
MR image synthesis, including three advanced generative
adversarial networks [4, 31, 43] and three diffusion-based
approaches [6, 26, 28]. In Table 1, quantitative comparisons
for the BraTS 2021 and ADNI datasets are presented using
two widely recognized evaluation metrics: Peak Signal-to-
Noise Ratio (PSNR) [33] and Structural Similarity Index
(SSIM). The results illustrate the performance in synthesiz-
ing the missing target contrast image using C − 1 provided
source contrast images. We evaluate all possible combina-
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Figure 4. Qualitative results of comparison study on BraTS 2021 dataset. Yellow arrows indicate regions where the methods differ.

Figure 5. Qualitative results of comparison study on ADNI dataset. Yellow arrows indicate regions where the methods differ.

Table 2. Quantitative results of the ablation study on BraTS2021 and ADNI datasets. CDM denotes conditional diffusion models. U
denotes unified synthesis model; A denotes synthesis with adaptive prior information; I denotes synthesis unrolled iteratively in stage 2.
For start step M , 400 and 200 correspond to BraTS and ADNI datasets, respectively. The best PSNR and SSIM values are in bold.

BraTS ADNI
FLAIR T1-w T1Gd T2-w T1-w T2-w PD

Method Start step M Sampling steps S PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
CDM (U) 1000 50 25.40 0.919 25.18 0.935 22.02 0.889 26.56 0.946 20.11 0.784 23.77 0.830 24.65 0.840
CDM (U) 1000 20 25.02 0.912 24.80 0.934 21.93 0.891 26.32 0.94 19.59 0.765 23.38 0.819 24.30 0.836
CDM (U) 400 / 200 20 24.42 0.917 24.12 0.934 21.06 0.885 24.08 0.936 19.42 0.767 23.07 0.819 24.09 0.835
CDM (U+A) 400 / 200 20 25.09 0.915 25.58 0.938 24.81 0.902 27.30 0.947 20.45 0.796 23.71 0.831 24.46 0.839
Ours (U+A+I) 400 / 200 20 25.52 0.920 25.88 0.942 24.54 0.903 27.44 0.951 20.82 0.804 24.56 0.854 24.48 0.849

tions, showing that our method generally achieves higher
quantitative results compared to other models. The im-

provement in evaluation metrics highlights our method’s ca-
pability to effectively capture intricate details and structural
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Table 3. Quantitative results of the ablation study of adaptive selected prior information on BraTS2021 and ADNI datasets. The best PSNR
and SSIM values are in bold.

BraTS ADNI
FLAIR T1-w T1Gd T2-w T1-w T2-w PD

Prior Information PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
Zero 24.20 0.916 24.09 0.934 20.74 0.883 24.34 0.937 19.49 0.770 23.01 0.819 24.12 0.835

Gaussian Noise 24.42 0.917 24.12 0.934 21.06 0.885 24.08 0.936 19.42 0.767 23.07 0.819 24.09 0.835
Random Prior Selection 24.84 0.915 25.09 0.935 20.89 0.884 23.50 0.929 19.69 0.774 23.58 0.828 24.50 0.837
Adaptive Prior Selection 25.09 0.915 25.58 0.938 24.81 0.902 27.30 0.947 20.45 0.796 23.71 0.831 24.46 0.839

Table 4. Quantitative results of the ablation study of stage 2 on BraTS 2021 and ADNI datasets. For start step M , 40 and 20 correspond to
BraTS and ADNI datasets, respectively.

BraTS ADNI
FLAIR T1-w T1Gd T2-w T1-w T2-w PD

Stage Start step M Total iterations N PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
2 40 / 20 10 25.31 0.917 25.93 0.942 24.83 0.906 27.44 0.949 20.63 0.800 24.26 0.849 23.96 0.847
2 40 / 20 25 25.35 0.919 25.99 0.943 24.71 0.905 27.52 0.952 20.74 0.803 24.48 0.851 24.27 0.849
2 40 / 20 50 25.52 0.920 25.88 0.942 24.54 0.903 27.44 0.951 20.82 0.804 24.56 0.854 24.48 0.849
2 40 / 20 100 25.61 0.920 25.85 0.942 23.75 0.900 27.60 0.952 20.73 0.804 24.59 0.855 24.38 0.849
2 40 / 20 200 25.53 0.920 25.77 0.940 23.60 0.898 27.53 0.952 20.63 0.803 24.62 0.857 24.25 0.849

information in MR images.

Qualitative Results Figure 4 and Figure 5 show qualitative
comparisons of the existing methods, with Figure 4 for the
BraTS 2021 dataset and Figure 5 for the ADNI dataset. As
shown in Figure 4, our model preserves anatomical details
more effectively, particularly in generating tumor areas. In
Figure 5, our method also generates finer details, capturing
the cortical distortions characteristic of AD and improving
the depiction of detailed structures.

4.3. Ablation Study
Effect of Start Step M and Sampling Steps S in CDM
Table 2 illustrates the results of ablation for the start step
M and the number of sampling steps S in the conditional
diffusion model (CDM). Larger values of M and S are asso-
ciated with higher PSNR and SSIM values, indicating im-
provements in image fidelity and anatomical detail; how-
ever, this comes with increased computational cost. In con-
trast, reducing the sampling steps S leads to faster inference
times, though it causes a reduction in PSNR and SSIM, re-
flecting a potential decrease in image quality.

Ablation of Model Components Table 2 presents the abla-
tion study on the unified synthesis model (U), adaptive prior
information (A), and iterative unrolling (I) to evaluate their
contributions to synthesis performance. Adding adaptive
prior information (U+A) improves PSNR and SSIM across
both datasets, suggesting that it enhances anatomical accu-
racy and realism. Further improvement is observed with
iterative unrolling in Stage 2 (U+A+I), which helps capture
finer anatomical details and reduce artifacts. These results
highlight the complementary benefits of adaptive prior in-
formation and iterative unrolling in producing high-quality
synthesized images.

Figure 6. Anatomical alignment analysis using diverse zall. The
left column shows the four paired contrast images (FLAIR, T1-
w, T1Gd, T2-w) used to generate zall, followed by synthesized
FLAIR from this anatomical feature representation.

Impact of Adaptive Prior Information Table 3 shows the
impact of adaptive prior information on synthesis perfor-
mance. Different prior selection strategies, including zero
prior, Gaussian noise, random prior selection, and adaptive
prior selection, are evaluated. The adaptive prior selection
generally produces higher PSNR and SSIM values, demon-
strating its effectiveness in guiding the synthesis process
to generate anatomically realistic images. Notably, for the
BraTS dataset, the T1Gd contrast images show a substantial
improvement in PSNR, with an increase of approximately
4 dB when using adaptive prior selection rather than ran-
dom prior selection. This result indicates that incorporating
adaptive prior information enhances the model’s ability to
capture relevant anatomical features across contrasts.

Effect of Iterative Unrolling in Stage 2 Table 4 presents
the results of the ablation study on iterative unrolling in
Stage 2. Stage 1 is consistently applied across all exper-
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Table 5. Quantitative results evaluating the effect of different starting steps M on synthesis performance. The experiments are conducted
without Stage 2.

BraTS ADNI
FLAIR T1-w T1Gd T2-w T1-w T2-w PD

Start step M PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
1000 25.02 0.912 24.80 0.934 21.93 0.891 26.32 0.94 19.59 0.765 23.38 0.819 24.30 0.836
500 25.47 0.918 25.32 0.937 24.46 0.901 27.16 0.947 19.84 0.777 23.35 0.823 24.15 0.837
400 25.09 0.915 25.58 0.938 24.81 0.902 27.30 0.947 19.91 0.780 23.46 0.825 24.35 0.838
200 22.90 0.879 25.23 0.939 25.12 0.903 27.06 0.947 20.45 0.796 23.71 0.831 24.46 0.839
100 19.75 0.829 24.55 0.935 24.61 0.899 25.02 0.933 20.40 0.797 23.93 0.839 24.23 0.838
40 17.97 0.782 23.26 0.921 21.34 0.878 22.83 0.905 18.70 0.769 22.67 0.825 22.07 0.808
20 17.44 0.761 22.02 0.91 18.70 0.858 21.99 0.889 17.45 0.748 21.25 0.799 20.76 0.750

Table 6. Quantitative results for scenarios of random missing
modalities on BraTS 2021 dataset.

Scenarios FLAIR T1-w T1Gd T2-w
FLAIR T1-w T1Gd T2-w PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

✓ - - 23.54 0.914 21.20 0.869 21.67 0.904
✓ 23.54 0.893 - - 22.22 0.883 25.62 0.931

✓ 22.25 0.869 24.27 0.912 - - 23.24 0.898
✓ 23.40 0.893 23.93 0.925 23.17 0.889 - -

✓ ✓ - - - - 24.26 0.899 27.06 0.948
✓ ✓ - - 24.74 0.930 - - 23.03 0.924
✓ ✓ - - 24.50 0.938 21.14 0.886 - -

✓ ✓ 24.08 0.898 - - - - 26.52 0.939
✓ ✓ 26.40 0.923 - - 23.30 0.896 - -

✓ ✓ 25.26 0.914 25.11 0.935 - - - -

Table 7. Quantitative results for scenarios of random missing
modalities on ADNI dataset.

Scenarios T1-w T2-w PD
T1-w T2-W PD PSNR SSIM PSNR SSIM PSNR SSIM
✓ - - 22.56 0.802 22.43 0.799

✓ 20.37 0.798 - - 23.98 0.851
✓ 17.04 0.663 22.05 0.764 - -

iments, while Stage 2 explores the impact of varying the
number of unrolling iterations (N ). The results demonstrate
that increasing the unrolling iterations in Stage 2 generally
improves PSNR and SSIM, indicating that iterative refine-
ment in Stage 2 enhances image quality. A slight perfor-
mance decrease is observed when N = 200, indicating that
an excessive number of iterations may lead to overfitting or
diminishing returns in terms of image quality. This demon-
strates that there is an optimal range for the number of it-
erations to achieve high-quality synthesized images while
avoiding potential performance degradation.

Anatomical Alignment Analysis To analyze the effective-
ness of anatomical feature alignment, we generate FLAIR
image using only zall conditioning from noise, without any
additional guidance or refinement steps as shown in Fig. 6.
Each row presents synthesized FLAIR image generated
using the corresponding zall. The distinct results across
different zall features, along with the preserved anatom-
ical characteristics from the input contrast combinations,
demonstrate that our mutual information fusion module ef-
fectively captures and aligns the anatomical features.

Analysis of Starting Step M Table 5 demonstrates the im-
pact of different starting steps M on synthesis performance.
The results show that initializing from intermediate steps
yields better performance compared to starting from ran-
dom noise. The improvement is attributed to the adaptive
prior information at intermediate steps. These steps already
contain established structural and contextual details, allow-
ing the model to leverage this information effectively. Con-
sequently, images synthesized from optimal starting steps
exhibit higher PSNR and SSIM values, resulting in clearer
and more consistent image details.

Performance with Random Missing Modalities Table 6
and Table 7 present the quantitative results for scenarios
with randomly missing modalities across BraTS and ADNI
datasets. For the BraTS dataset, as shown in Table 6, the
model maintains consistent performance with PSNR above
23 dB and SSIM above 0.89 in most scenarios, even when
multiple input modalities are missing. Similarly, for the
ADNI dataset, as shown in Table 7, although performance
metrics show some variation depending on which modal-
ities are missing, the model maintains reasonable results.
However, when only PD is available as input, the perfor-
mance metrics show relatively lower values, which can be
attributed to the inherently low contrast between gray and
white matter in PD-weighted images.

5. Conclusion

This paper presents APT, a unified framework for multi-
contrast MRI synthesis using conditional diffusion mod-
els. Our approach effectively captures anatomical structures
using a mutual information fusion module for anatomical
consistency. For inference, we propose a two-stage syn-
thesis process that leverages adaptive prior-informed trans-
formation and iterative unrolling with weighted averaging,
demonstrating consistent and robust performance across
various missing modality scenarios. The results highlight
the potential of our method to enhance medical imaging by
producing reliable and detailed MR images, contributing to
more informed diagnostic and treatment decisions.
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