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Abstract
Medical image synthesis is pivotal in modern clinical workflows,
addressing the issue of missing imaging modalities. While diffusion-
based models have shown promise, existing approaches often ne-
glect the rich clinical metadata, leading to synthesized images that
lack semantic fidelity and fail to maintain strict consistency with the
target modality. To address these challenges, we propose ametadata-
guided diffusion bridge model, termed MetaDB, a novel framework
that leverages textual clinical priors to steer the source-to-target
translation process. Our method introduces two key innovations
to ensure high-fidelity synthesis. First, we design a text-guided
adaptive normalization layer, which dynamically modulates the
feature statistics of the diffusion backbone using encoded clinical
metadata. This mechanism explicitly aligns the synthesized features
with the target modality’s attributes, ensuring semantic consistency
throughout the generation process. Second, to prevent semantic
degradation during the iterative denoising steps, we propose a se-
mantics reconstruction network. This auxiliary module imposes
a constraint that forces the network to preserve deep semantic
representations, further reinforcing the semantic consistency be-
tween the generated output and the target description. Extensive
experiments on multiple medical imaging datasets demonstrate
that our approach achieves state-of-the-art performance in terms
of quantitative metrics and visual quality, generating images that
are both anatomically accurate and semantically faithful to clinical
protocols.
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Figure 1: Comparison between vanilla and our proposed
metadata-guided synthesis paradigms. Unlike the vanilla
transition which follows an unconstrained path resulting in
unreliable samples, our metadata-guided transition actively
corrects the transition pathway using clinical metadata. This
ensures that the synthesized images accurately converge to
the underlying target distribution 𝜋∗, yielding reliable and
high-fidelity synthesis.

(ICMR ’26), June 16–19, 2026, Amsterdam, Netherlands. ACM, New York, NY,
USA, 9 pages. https://doi.org/10.1145/3805622.3810728

1 Introduction
Medical image synthesis is pivotal in modern clinical workflows,
addressing the critical issue of missing imaging modalities [4, 13,
18, 33]. While multi-modal data (e.g., MRI and CT) provide com-
plementary anatomical and functional information, acquiring a
complete set is often precluded by cost, radiation exposure, and
patient compliance [37, 41, 42]. This data scarcity significantly
impairs downstream tasks such as radiotherapy planning, lesion
characterization, and joint medical image segmentation [4, 7]. Con-
sequently, learning-based image translation has emerged as a dom-
inant solution to map available source modalities to target ones in
a data-driven manner [6, 8, 24–30, 35, 38, 39, 43–45].

https://doi.org/10.1145/3805622.3810728
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Among existing paradigms, Generative Adversarial Networks
(GANs) have been extensively explored but often suffer from train-
ing instability and error accumulation, which can compromise
anatomical correctness [1, 34]. Recently, Denoising Diffusion Mod-
els (DDMs) offered improved stability via probabilisticmodeling [20].
However, standard DDMs are primarily designed for noise-to-image
generation. The influence of the source modality often dilutes dur-
ing the reverse process, leading to a misalignment between denois-
ing and translation objectives [32].

To mitigate this, Denoising Diffusion Bridge Models (DDBMs)
have been introduced to establish direct source-target diffusion
pathways, preserving better anatomical structure [51, 52]. Despite
their promise, current DDBMs typically rely on pixel-level con-
straints, neglecting rich clinical metadata. This oversight leads
to two critical limitations: 1) the inability to disentangle modality-
specific styles without explicit clinical priors, and 2) semantic degra-
dation, where intermediate states drift away from the target clinical
attributes during the iterative process.

To address these challenges, we propose a metadata-guided
diffusion bridge model, termed MetaDB. As illustrated in Fig. 1,
MetaDB explicitly incorporates clinical metadata to guide the diffu-
sion bridge transition toward the target modality. Specifically, we
design a text-guided adaptive normalization layer to dynamically
modulate feature statistics, ensuring continuous alignment with
the target modality’s attributes. Furthermore, to combat semantic
degradation, we introduce a semantics reconstruction network that
imposes a latent constraint, forcing the network to preserve deep
semantic representations faithful to the clinical description.

Our key contributions are summarized as follows:

• We propose MetaDB, a novel framework that integrates clin-
ical metadata into the diffusion bridge paradigm to ensure
strict semantic adherence to target modalities.

• We introduce two core designs: a TA-Norm layer for dynamic
feature modulation and a Semantics Reconstruction Network
to prevent semantic degradation during denoising.

• Extensive experiments on multi-contrast MRI and MRI-to-
CT tasks demonstrate thatMetaDB significantly outperforms
state-of-the-art methods in both quantitative metrics and
visual fidelity.

2 Related Work
2.1 Medical Image Synthesis
Generative Adversarial Networks (GANs) initially dominated the
field, utilizing paired learning like Pix2Pix [5] or cycle-consistency
mechanisms like CycleGAN [48] for cross-modal translation. Sub-
sequent variants further enhanced performance through attention
mechanisms [46] and feature disentanglement strategies [3], though
training instability and mode collapse remain persistent challenges.
Recently, Denoising DiffusionModels (DDMs) have emerged as a ro-
bust alternative, offering superior training stability and distribution
coverage compared to adversarial approaches, albeit often at the
cost of slower inference speeds and potential structural degradation
during the noise-to-image generation process.

2.2 Diffusion Bridges
To address the structural limitations of standard DDMs, Denoising
Diffusion Bridge Models (DDBMs) [15, 51, 52] were introduced to
establish direct generative trajectories between source and target
domains, effectively bypassing the information loss associated with
pure Gaussian noise. In medical imaging, notable advancements
include DBIM [51], which employs implicit sampling to accelerate
the translation process, and DualDB [40], which integrates dual-
domain alignments to preserve high-frequency anatomical fidelity.
Other variants have also demonstrated efficacy in tasks such as
fundus image enhancement [14]. However, despite their success in
structural alignment, these methods predominantly rely on pixel-
level constraints, often neglecting the explicit semantic guidance
offered by clinical metadata. Advanced optimization strategies, such
as bilevel and constraint learning, alongside robust degradation
modeling, have also been extensively explored to address complex
constraints in other broad vision tasks like low-light imaging, under-
water restoration, and generalized transfer attacks [9–12, 16, 17, 21–
23, 47, 49].

3 Methods
3.1 Overview
MetaDB utilizes a diffusion bridge framework to progressively trans-
form a source-modality image 𝑦 into a target-modality image 𝑥0.
Unlike standard diffusion models that degrade data to Gaussian
noise, our forward process bridges the target image 𝑥0 and the clean
source image 𝑦 (denoted as 𝑥𝑇 ) through intermediate noisy states
𝑥𝑡 . The forward transition probability is defined as:

𝑞(𝑥𝑡 |𝑥0, 𝑦) =N
(
𝑥𝑡 ; (1 −𝑚𝑡 )𝑥0 +𝑚𝑡𝑦, 𝛿

2
𝑡 𝐼
)
, (1)

where𝑚𝑡 controls the interpolation between domains and 𝛿2𝑡 rep-
resents the noise variance at each timestep 𝑡 ∈ [0,𝑇 ].

The reverse process aims to reconstruct the target image 𝑥0
from 𝑥𝑇 conditioned on the source image 𝑦. At each timestep 𝑡 , the
text-guided generator 𝐺𝜃 predicts an estimate of the target image
𝑥0:

𝑥0 =𝐺𝜃 (𝑥𝑡 , 𝑡, 𝑦, E𝑡𝑒𝑥𝑡 ) . (2)

Here, E𝑡𝑒𝑥𝑡 represents the clinical text embeddings. Once the initial
estimate 𝑥0 is obtained, the subsequent state 𝑥𝑡−1 is sampled from
the posterior distribution using 𝑥0 as a surrogate for the ground
truth, ensuring a stable trajectory towards the target modality.

3.2 Text-Guided Image Synthesis
To ensure the synthesized images are not only structurally coherent
but also semantically faithful to clinical protocols, we integrate ex-
plicit textual guidance into the generation process. This is achieved
through two core components: the Text-guided Adaptive Normaliza-
tion (TA-Norm) layer and the Semantics Reconstruction Network.

3.2.1 Text-guided Adaptive Normalization. Standard normalization
layers in diffusion models often fail to explicitly disentangle the
modality-specific styles of the source and target domains. Motivated
by the normalization design in UniSyn [36], we incorporate the TA-
Norm layer into the encoder and decoder blocks of𝐺𝜃 , as illustrated
in Fig. 3.
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Figure 2: Schematic of MetaDB. (a) The diffusion bridge transitions target 𝑥0 to source 𝑥𝑇 = 𝑦 (forward) and reconstructs 𝑥0 via
generator𝐺𝜃 (reverse). (b) The semantics reconstruction network (SR-Net) recovers masked text embeddings from global image
features via mapper R𝑀 to enforce consistency. (c) The Diffusive Discriminator distinguishes real transition pairs (𝑥𝑡 , 𝑥𝑡−1)
from synthesized ones (𝑥𝑡 , 𝑥𝑡−1).

Thismodule leverages clinical metadata to dynamicallymodulate
feature statistics. Let E𝑠 and E𝑡 denote the text embeddings of the
source and target prompts, extracted by a pre-trained text encoder.
We employ learnable mapping networks, composed of linear layers
followed by sigmoid activation functions, to project these embed-
dings into affine transformation parameters. Specifically, the source
embedding produces normalization parameters (𝜶 𝑠 , 𝜷𝑠 ), while the
target embedding produces modulation parameters (𝜶 𝑡 , 𝜷𝑡 ).

For an input feature map F𝑖 , TA-Norm first "normalizes" it to
strip away source-specific attributes using (𝜶 𝑠 , 𝜷𝑠 ), and then "mod-
ulates" it to inject target-specific attributes using (𝜶 𝑡 , 𝜷𝑡 ). The
operation is formulated as:

F𝑜 =

(
F𝑖 − 𝜷𝑠

𝜶 𝑠

)
· 𝜶 𝑡 + 𝜷𝑡 . (3)

This dual-step process explicitly aligns the feature statistics with the
target clinical description while preserving the underlying anatom-
ical structure.

3.2.2 Semantics Reconstruction Network. During the iterative re-
verse process, the semantic consistency of the estimated 𝑥0 may
degrade. To counter this, we introduce a Semantics Reconstruction
Network (Fig. 2(b)) that imposes a semantic consistency constraint.

We employ a mask-then-recover strategy. Specifically, we mask
key tokens in the target text prompt (e.g., masking the modality
token "T1") to obtain a masked prompt embedding E𝑚𝑎𝑠𝑘 . Simul-
taneously, we extract global visual features from the generator’s
predicted image 𝑥0 using a multi-scale pooling (MA-Pool) module,
which combines global average pooling and global max pooling:

F𝑝 = Concat(AvgPool(𝑥0),MaxPool(𝑥0)). (4)

These visual features F𝑝 contain the semantic information present
in the current image estimate. A Prompt Recovery Mapper R𝑀

then takes both E𝑚𝑎𝑠𝑘 and F𝑝 as input to reconstruct the complete
target text embedding E𝑟𝑒𝑐 . Specifically, R𝑀 is implemented as a

Figure 3: Illustration of the Text-guided Adaptive Normal-
ization (TA-Norm). It normalizes input features using source
parameters (𝜶 𝑠 , 𝜷𝑠 ) and modulates them with target parame-
ters (𝜶 𝑡 , 𝜷𝑡 ) to achieve semantic alignment.

lightweight adapter module, consisting of concatenated projection
layers followed by a multi-layer perceptron (MLP) to effectively
fuse the multi-modal features and project them back into the text
embedding space.

E𝑟𝑒𝑐 = R𝑀 (E𝑚𝑎𝑠𝑘 , F𝑝 ) . (5)

By forcing the reconstructed embedding E𝑟𝑒𝑐 to match the original
unmasked target embedding E𝑡 , we enforce that the synthesized
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Table 1: Descriptions of experimental datasets.

Dataset IXI BRATS MR-CT
Modality T1/T2/PD T1/T2/FLAIR T1/T2/CT
Image Number 12000 16500 4500
Train/Val/Test 25/5/10 25/10/20 9/2/4
Regions EU NA/EU/Asia EU

image 𝑥0 must contain the necessary semantic information to fill
in the missing gaps in the text prompt.

3.3 Optimization Objective
The optimization objective of MetaDB comprises three components:
reconstruction loss for anatomical fidelity, semantic consistency
loss for textual alignment, and adversarial diffusive loss for percep-
tual realism.

To ensure strict anatomical fidelity, we minimize the pixel-level
𝐿1 distance between the predicted image 𝑥0 and the ground truth
𝑥0:

L𝑟𝑒𝑐 = E𝑥0,𝑦,𝑡 [∥𝑥0 − 𝑥0∥1] . (6)
To prevent semantic degradation, we introduce a semantic con-

sistency loss via the Semantics Reconstruction Network. This term
maximizes the cosine similarity H between the original target text
embedding E𝑡 and the one reconstructed by R𝑀 using the masked
embedding E𝑚𝑎𝑠𝑘 and visual features F𝑝 :

L𝑠𝑒𝑚 = E
[
H

(
E𝑡 ,R𝑀 (E𝑚𝑎𝑠𝑘 , F𝑝 )

) ]
. (7)

To enhance trajectory authenticity, we employ an adversarial
diffusive loss where a discriminator 𝐷𝜃 distinguishes synthesized
transition pairs (𝑥𝑡−1, 𝑥𝑡 ) from real ones. The generator optimiza-
tion is defined as:

L𝑎𝑑𝑣 = E𝑥𝑡 ,𝑥𝑡−1 [− log(𝐷𝜃 (𝑥𝑡 , 𝑥𝑡−1))] . (8)

The final objective is a weighted sum of these terms, where 𝜆1
and 𝜆2 balance the adversarial and semantic contributions:

L𝑡𝑜𝑡𝑎𝑙 = L𝑟𝑒𝑐 + 𝜆1L𝑎𝑑𝑣 + 𝜆2L𝑠𝑒𝑚 . (9)

4 Experiments
4.1 Experimental Setup
Dataset. We evaluated MetaDB on three diverse datasets: IXI1,
BRATS [2], and Pelvic MRI-CT [19], covering various modalities
(T1, T2, PD, FLAIR, CT) and anatomical regions (see Table 1). Data
was partitioned into training, validation, and test sets using a strict
subject-level split to prevent data leakage. We selected 100 axial
cross-sections per subject, applying standard preprocessing includ-
ing spatial alignment, intensity normalization to [0, 1], and resizing
to 256 × 256.
Implementation Details. Implemented in PyTorch on NVIDIA
RTX 4090 GPUs, our framework consists of a text-guided generator
𝐺𝜃 , a semantics reconstruction network, and a diffusive discrimina-
tor 𝐷𝜃 . 𝐺𝜃 utilizes a U-Net backbone [31] with channel multipliers
[1, 1, 2, 2, 4, 4] and our proposed TA-Norm. We employ a frozen pre-
trained BiomedCLIP [50] as the text encoder to preserve semantic

1http://brain-development.org/ixi-dataset/

alignment. The discriminator 𝐷𝜃 adopts a patch-based architecture
with temporal embedding integration.

We train the model for 50 epochs (batch size 16) using the Adam
optimizer (𝛽 = [0.5, 0.9]), with learning rates of 1.6 × 10−4 for 𝐺𝜃

and 1.0×10−4 for 𝐷𝜃 . Loss weights are set to 𝜆1 = 0.1 and 𝜆2 = 0.01.
The diffusion process is configured with 𝑁 = 10 discrete steps using
a linear noise schedule (𝛽𝑠𝑡𝑎𝑟𝑡 = 0.1, 𝛽𝑒𝑛𝑑 = 3.0). During inference,
we apply a self-consistency recursion depth of 𝑅 = 2 to enhance
generation quality.
Evaluation Metrics. Quantitative performance is evaluated us-
ing Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity
Index (SSIM). Statistical significance is verified via non-parametric
Wilcoxon signed-rank tests (𝑝 < 0.05).

4.2 Experimental Results
We compare our proposed MetaDB with several state-of-the-art
medical image synthesis methods. These include representative
GAN-based approaches such as Pix2Pix [5] and DTF-Net [3], as well
as recent diffusion-based frameworks like SynDiff [20], DDBM [52],
DBIM [51], and DualDB [40].

4.2.1 Qualitative Comparison. The visual comparisons are pre-
sented in Fig. 4. MetaDB consistently generates images with su-
perior realism and anatomical fidelity compared to competing
methods. In MRI translation tasks (e.g., T1→T2), GAN-based meth-
ods [3, 5] often suffer from structural blurring and mode collapse,
while standard diffusion bridges like DDBM [52] exhibit slight
texture distortions due to the lack of semantic constraints. In con-
trast, MetaDB produces sharper tissue interfaces and more accurate
contrast phenotypes, benefiting from the dynamic modulation of
TA-Norm. For pathological cases, competitors often fail to clearly
delineate tumor boundaries or misrepresent heterogeneous lesion
textures. MetaDB, however, accurately reconstructs the tumor core
and edema regions, demonstrating the effectiveness of the Seman-
tics Reconstruction Network in preserving high-level diagnostic
features. In the challenging MRI→CT task, methods like Pix2Pix [5]
and SynDiff [20] frequently introduce streaking artifacts or inten-
sity inhomogeneity in bone structures. Our approach excels at ren-
dering cortical bone with distinct boundaries and uniform density,
ensuring high clinical interpretability.

4.2.2 Quantitative Results. Table 2 reports the quantitative com-
parison results across the three datasets. As observed, MetaDB con-
sistently achieves the highest PSNR and SSIM scores, establishing
a new state-of-the-art performance. Notably, MetaDB significantly
outperforms the recent strong baseline, DualDB, across all transla-
tion tasks. These substantial gains are primarily attributed to the
integration of our text-guided adaptive normalization (TA-Norm)
and semantics reconstruction network. Unlike DualDB [40] and
DBIM [51], which rely heavily on pixel-level or gradient-based
constraints, MetaDB leverages explicit clinical textual priors to
steer the generation process. This semantic guidance is particularly
critical in cross-modal mappings with complex contrast variations
(e.g., MRI→CT), where it effectively resolves intensity ambiguities
that pure visual-based methods struggle to handle. Non-parametric
Wilcoxon signed-rank tests confirm that these improvements are
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Figure 4: Qualitative comparison of MetaDB with state-of-the-art methods across three medical datasets. Zoom-in views below
each result highlight anatomical consistency and synthesis accuracy.

statistically significant (𝑝 < 0.05), validating the necessity of inte-
grating clinical metadata for reliable medical synthesis.

4.2.3 Downstream Segmentation Validation. High-fidelity medical
synthesis must not only look realistic but also preserve the underly-
ing pathological semantics essential for diagnosis. To verify this, we
conducted a downstream segmentation experiment on the BRATS
dataset. We utilized a pre-trained segmentation network to generate
prediction masks from the synthesized images produced byMetaDB
and competing methods. As visualized in Fig. 6, the segmentation
maps include three tumor sub-regions: necrosis (red), enhancing
tumor (blue), and edema/invasion (green). Existing GAN-based
methods often fail to preserve the precise boundaries of necrotic
cores or misclassify edema regions due to texture blurring. Simi-
larly, standard diffusion baselines occasionally suffer from semantic
drift, leading to fragmented tumor masks. In contrast, MetaDB
generates images that yield segmentation results highly consistent
with the ground truth. This indicates that our proposed Semantics
Reconstruction Network effectively preserves complex pathological
structures, ensuring that the synthesized images retain their clinical
diagnostic value.

4.2.4 Robustness Analysis. We further tested the models by cor-
rupting the source input images with Gaussian noise (𝜎 = 10) (Bot-
tom row of Fig. 5). Pure pixel-based translation methods typically
amplify input noise or lose structural details during the denoising
attempts. MetaDB, leveraging the generative prior of the diffusion
backbone and the semantic guidance of TA-Norm, demonstrates
superior noise resilience. It successfully recovers clean anatomi-
cal structures from the noisy source, highlighting its potential for
enhancing low-quality clinical scans.

4.3 Ablation Study
To validate the effectiveness of the proposed framework, we con-
ducted comprehensive ablation studies analyzing the individual
contributions of our core modules and the impact of different tex-
tual conditioning strategies.

4.3.1 Effect of TA-Norm. To verify the superiority of our proposed
Text-guided Adaptive Normalization (TA-Norm) over conventional
conditioning mechanisms, we compared it against the standard
Cross-Attention mechanism widely used in latent diffusion models.
As presented in Table 4, replacing Cross-Attention with TA-Norm
yields consistent improvements across all datasets. Standard cross-
attention tends to inject semantic information spatially, which is
highly effective for object generation but less suitable for medical
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Table 2: Quantitative comparison of text-guided cross-modal synthesis. Text guidance is injected into all baselines for fairness.
Results are reported as mean ± std. † denotes statistically significant improvement over all competitors (𝑝 < 0.05).

PD→T2 T2→PD T2→T1 T1→T2Method PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑
Pix2Pix [5] 29.02±1.85 92.35±1.52 30.59±1.48 92.98±1.58 27.26±1.36 93.48±1.55 27.01±1.86 92.01±1.74
DTF-Net [3] 31.98±1.58 95.81±1.29 32.63±1.14 95.26±1.17 28.78±1.02 95.11±1.31 29.23±1.74 94.61±1.33
SynDiff [20] 32.23±1.05 96.01±1.01 32.88±1.22 95.36±1.05 28.48±1.01 94.91±1.29 29.28±1.24 94.76±1.27
DDBM [52] 32.53±1.27 96.46±1.08 33.58±1.34 95.81±1.00 30.03±1.31 95.66±1.17 29.68±1.38 95.11±1.29
DBIM [51] 32.73±1.25 96.51±1.05 33.71±1.33 95.96±0.98 30.29±1.29 95.91±1.15 29.93±1.36 95.34±1.28
DualDB [40] 34.12±1.23 97.15±0.95 34.89±1.48 96.58±0.93 31.96±1.55 96.48±1.18 30.87±1.49 95.58±1.25
MetaDB (ours) 34.42±1.17† 97.48±0.90† 35.21±1.41† 96.93±0.88† 32.19±1.47† 96.82±1.12† 31.08±1.42† 95.90±1.19†

(a) Quantitative comparison on the IXI dataset.

FLAIR→T2 T2→FLAIR T2→T1 T1→T2Method PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑
Pix2Pix [5] 24.78±1.98 86.52±3.70 27.06±1.60 87.37±3.34 27.90±1.23 92.29±2.35 26.72±2.02 91.73±2.79
DTF-Net [3] 25.58±1.79 89.47±3.18 27.71±1.57 89.00±2.93 28.35±1.17 93.43±2.04 26.79±1.87 91.82±2.83
SynDiff [20] 25.75±1.70 91.37±3.06 27.21±1.68 89.50±2.72 27.96±1.34 92.58±2.01 26.40±2.04 91.62±3.24
DDBM [52] 26.05±1.76 90.43±2.99 27.98±1.63 89.77±2.77 28.30±1.58 93.67±2.08 26.75±1.50 92.17±2.48
DBIM [51] 26.30±1.72 90.68±2.93 28.05±1.60 90.22±2.70 28.42±1.54 93.96±2.03 26.99±1.46 92.09±2.43
DualDB [40] 27.88±1.97 92.12±2.71 29.04±1.80 90.88±2.60 29.45±1.58 94.78±2.05 28.16±2.15 92.95±2.80
MetaDB (ours) 28.02±1.87† 92.44±2.57† 29.18±1.71† 91.23±2.47† 29.59±1.52† 95.10±1.94† 28.32±2.04† 93.27±2.66†

(b) Quantitative comparison on the BRATS dataset.

MRI(T2)→CT CT→MRI(T2) MRI(T1)→CT CT→MRI(T1)Method PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑
Pix2Pix [5] 26.23±1.50 87.15±2.64 23.26±1.65 79.27±2.91 24.76±2.60 87.48±7.00 21.72±2.86 79.50±7.70
DTF-Net [3] 26.62±1.44 87.73±2.58 23.64±1.59 79.75±2.84 25.24±2.53 88.10±6.91 22.22±2.78 80.12±7.60
SynDiff [20] 27.33±1.86 92.23±1.93 24.20±2.05 84.17±2.12 26.74±2.41 91.57±4.79 23.70±2.65 83.59±5.26
DDBM [52] 26.99±1.91 90.54±2.48 23.87±2.10 83.56±2.73 27.76±4.45 93.02±5.05 24.74±4.89 85.04±5.56
DBIM [51] 27.27±1.88 90.87±2.45 24.14±2.07 83.89±2.70 28.10±4.39 93.40±5.01 25.06±4.83 85.42±5.51
DualDB [40] 28.92±2.08 93.68±1.70 25.63±2.29 85.38±1.87 28.88±3.35 93.52±5.25 24.96±3.69 85.85±5.78
MetaDB (ours) 29.22±1.98† 94.31±1.62† 25.86±2.18† 86.09±1.78† 29.18±3.18† 94.15±4.99† 25.20±3.51† 86.47±5.49†

(c) Quantitative comparison on the Pelvic MR-CT dataset.
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Figure 5: Qualitative robustness comparison under two challenging scenarios: out-of-distribution (OOD) testing on the in-house
dataset (top) and Gaussian noise corruption with 𝜎 = 10 (bottom).

modality translation where global intensity modulation is para-
mount. In contrast, TA-Norm directly modulates the affine parame-
ters of the feature maps using clinical priors. This allows for a global
alignment of feature statistics with the target modality’s attributes,
ensuring that the synthesized image adheres to the specific contrast
protocols defined in the metadata.

4.3.2 Effect of SR-Net. The Semantics Reconstruction Network (SR-
Net) is crucial for mitigating semantic degradation. As evidenced in
Table 3, removing SR-Net leads to a notable performance drop, par-
ticularly in the challenging MRI→CT task. Without this constraint,

intermediate states tend to drift from the textual description during
reverse diffusion. By enforcing the recovery of masked prompts
from visual features, SR-Net effectively locks the generation trajec-
tory to the target clinical protocols, ensuring high-level semantic
fidelity.

4.3.3 Effect of Textual Prompt Content. We analyzed specific meta-
data contributions on the IXI and Pelvic datasets (Table 5). The base-
line without text guidance yields the lowest performance, validating
its necessity. Among attributes, Description (modality/imaging pa-
rameters) provides the most significant gain, serving as the primary
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Figure 6: Visual comparison of segmentation results on images synthesized by different methods, with necrosis, enhancing
tumor, and edema/invasion annotated in red, blue, and green, respectively.

Table 3: Ablation study of the key components in MetaDB.
TA-Norm denotes the text-guided adaptive normalization,
and SR-Net denotes the semantics reconstruction network.

TA-Norm SR-Net T2→PD FLAIR→T2 MRI(T2)→CT

PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑
- - 32.53 96.46 26.05 90.43 26.99 90.54

±1.27 ±1.08 ±1.76 ±2.99 ±1.91 ±2.48
- ✓ 33.85 96.82 27.15 91.20 27.95 92.10

±1.35 ±1.02 ±1.82 ±2.80 ±1.95 ±2.15
✓ - 34.50 97.10 27.60 91.95 28.60 93.50

±1.38 ±0.95 ±1.85 ±2.65 ±1.92 ±1.85
✓ ✓ 35.21 97.48 28.02 92.44 29.22 94.31

±1.41 ±0.90 ±1.87 ±2.57 ±1.98 ±1.62

Table 4: Ablation study on text-guided conditioning compo-
nents. Comparison of conventional cross-attention versus
our proposed text-guided adaptive normalization (TA-Norm).

Method T2→PD FLAIR→T2 MRI(T2)→CT

PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑

w/ Cross-Attention 34.67 96.38 27.65 91.89 28.67 93.36
±1.48 ±0.93 ±1.97 ±2.71 ±2.08 ±1.70

w/ TA-Norm (ours) 35.21 97.48 28.02 92.44 29.22 94.31
±1.41 ±0.90 ±1.87 ±2.57 ±1.98 ±1.62

driver for synthesis. Scanner information aids domain adaptation,
while demographic attributes (Age, Gender) offer marginal indi-
vidual improvements. However, the full MetaDB integrating all
attributes achieves optimal results, demonstrating that detailed
patient metadata provides complementary guidance for refining
subtle anatomical features.

4.3.4 Effect of Prompt Content. To verify the necessity of the dual-
prompt mechanism in our TA-Norm layer, we evaluated the model
under four settings: 1) without any text prompt, 2) with only the
source prompt (for feature stripping), 3) with only the target prompt
(for style injection), and 4) with both prompts (MetaDB). As shown
in Table 6, the complete absence of prompts yields the lowest per-
formance (e.g., 32.53 dB on T2→PD), confirming that text guidance
is essential for the diffusion bridge. Using only the source prompt
provides marginal improvement, as it aids in removing source-
specific characteristics but lacks the target modality’s guidance.
Conversely, using only the target prompt brings a significant boost
(34.15 dB), as injecting target style is critical for synthesis. How-
ever, the best performance is achieved only when both prompts are
utilized (35.21 dB). This validates the design of TA-Norm, which
requires a "strip-then-inject" process: effectively removing source

Table 5: Ablation study on textual attribute contributions in
MetaDB. Results for the FLAIR→T2 task are omitted due to
reliance on modality-only text.

Age Gender Scanner Description T2→PD MRI(T2)→CT

PSNR↑ SSIM↑ PSNR↑ SSIM↑

33.15 95.85 27.18 92.75
±1.68 ±1.18 ±2.25 ±1.85

✓ 33.28 95.96 27.25 92.88
±1.65 ±1.15 ±2.22 ±1.83

✓ 33.30 96.02 27.30 92.92
±1.63 ±1.14 ±2.20 ±1.81

✓ 33.75 96.45 27.85 93.35
±1.55 ±1.08 ±2.12 ±1.75

✓ 34.65 97.05 28.70 93.95
±1.48 ±1.02 ±2.05 ±1.68

✓ ✓ ✓ ✓ 35.21 97.48 29.22 94.31
±1.41 ±0.90 ±1.98 ±1.62

Table 6: Ablation study on the source and target prompt
configurations in TA-Norm. Both prompts are required for
the optimal "strip-then-inject" feature modulation.

Configuration T2→PD MRI(T2)→CT

PSNR↑ SSIM↑ PSNR↑ SSIM↑

None (w/o Text) 32.53 ± 1.27 96.46 ± 1.08 26.99 ± 1.91 90.54 ± 2.48
Source Prompt Only 33.02 ± 1.35 96.65 ± 1.05 27.45 ± 2.05 91.20 ± 2.30
Target Prompt Only 34.15 ± 1.30 97.05 ± 0.98 28.50 ± 1.95 93.15 ± 1.90
Both (MetaDB) 35.21 ± 1.41 97.48 ± 0.90 29.22 ± 1.98 94.31 ± 1.62

information before injecting target attributes ensures the most
accurate modality translation.

5 Conclusion
In this paper, we proposed MetaDB, a novel diffusion bridge frame-
work that leverages clinical metadata to guide high-fidelity medical
image synthesis. By integrating text-guided adaptive normalization
for dynamic feature modulation and a semantics reconstruction
network for consistency enforcement, our method effectively re-
solves the semantic ambiguity prevalent in existing approaches.
Extensive experiments on three diverse datasets demonstrate that
MetaDB significantly outperforms state-of-the-art methods in both
anatomical accuracy and clinical faithfulness. Future work will ex-
plore extending this paradigm to broader multi-modal downstream
tasks.
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