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Abstract. In this paper, we propose CT%DiT, a simple yet powerful
framework for abdominal non-contrast CT (NCCT) to contrast-enhanced
CT (CECT) translation, with a particular focus on focal liver lesions
(FLLs). CECT plays an important role in the clinical diagnosis of FLLs
by providing a clear contrast between normal liver tissue and lesions.
However, due to its invasive nature and potential risks, neural network-
based translation from NCCT to CECT has become an attractive re-
search direction. Diffusion Transformers (DiT) exhibit strong modeling
capacity and effectively capture complex image structures, making them
particularly promising for modeling abdominal CT images with com-
plex liver anatomy. But their application to CECT synthesis is often
limited by the need for large-scale training data, which is difficult to ob-
tain in practice. To address this issue, we construct a medium-scale CT
dataset using publicly available unlabeled data for pre-training, and im-
prove generalization through manually synthesized CT-specific features
and a spatial-intensity decoupled data augmentation strategy. We further
enhance performance by incorporating deep supervision and improving
data efficiency. With only 774 paired CT slices, CT?-DiT generates re-
alistic and diagnostically relevant CECT images, outperforming exist-
ing methods across multiple evaluation metrics and demonstrating the
previously underexplored potential of DiT in CECT synthesis. Notably,
CT?-DiT trained on only 50% of the data still outperforms all baselines
trained on the full dataset in structural fidelity.
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1 Introduction

Among all cancer types, liver cancer shows the highest growth rate in mortal-
ity [27]. Contrast-enhanced computed tomography (CECT) is a critical imaging
modality for early detection of liver cancer, particularly for the assessment of
focal liver lesions (FLLs) [20,27]. With contrast agents, CECT highlights the
intensity differences between lesions and surrounding normal tissues, providing
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essential information for lesion classification and clinical decision-making. How-
ever, the acquisition of CECT comes with costs. The use of iodinated contrast
agents poses potential health risks, such as nephrotoxicity and allergic reactions
[8]. Furthermore, repeated scans increase radiation exposure for patients [31]. To
mitigate these risks, synthesizing abdominal CECT images directly from non-
contrast CT (NCCT) images has emerged as an attractive research direction.

Recent years’ deep generative models have dominated medical image trans-
lation. Early approaches primarily relied on end-to-end Convolutional Neural
Networks (CNNs) [24] or Generative Adversarial Networks (GANs) [11,27, 28,
32|. While GANs can generate realistic textures with careful design of architec-
tures and training strategies (e.g., combinations of modules and loss functions),
they often suffer from training instability and mode collapse, leading to arti-
facts in the synthesized images. More recently, Denoising Diffusion Probabilistic
Models (DDPMs) [10] have set new standards for image generation quality and
diversity. In the medical domain, diffusion models (DMs) have shown superior
performance over GANSs in various translation tasks [31,21,9, 26].

Currently, most diffusion-based medical translation models rely on the U-Net
architecture [3,21,31,26,9]. While U-Net is effective, its convolutional design
limits its ability to model long-range dependencies and complex global struc-
tures, which are especially important for tasks such as CECT synthesis that
require consistent anatomical appearance and intensity relationships across the
entire slice. In the field of natural image generation, the Diffusion Transformer
(DiT) [22,18,5] has demonstrated that replacing the U-Net backbone with a
Transformer can significantly scale up performance. DiT exhibits a strong ca-
pacity to capture complex structural relationships [5], suggesting a potential
advantage for modeling the intricate anatomy of abdominal CT images. In addi-
tion, DiT benefits from strong community support, allowing well-established and
widely validated architectural and training improvements—originally developed
for DiT and even large-scale NLP models—to be readily transferred to the medi-
cal imaging domain [13, 25]. However, applying DiT to the medical domain is not
straightforward. DiT is known to be data-hungry [15]. Unlike the U-Net, which
has strong inductive biases suitable for small datasets, Transformers typically re-
quire large-scale data to learn effective representations. In medical imaging, and
specifically for NCCT-to-CECT translation, paired training data are scarce and
difficult to collect. As a result, training a pure DiT on limited medical datasets
often leads to overfitting. This challenge has deterred many researchers from
exploring DiT for CT translation, leading them to stick with complex, heavily
modified U-Net architectures instead [31, 6, 7].

In this paper, we advocate for a different approach: keeping the net-
work simple while unleashing the power of DiT through effective data
strategies. We propose CT2-DiT, a simple yet powerful framework for NCCT-
to-CECT translation. Instead of designing cumbersome domain-specific modules,
we address the data scarcity issue directly. First, we construct a medium-scale
CT dataset using publicly available unlabeled data for pre-training. This al-
lows the model to learn general abdominal CT representations without requiring
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Fig. 1. CT?-DiT Framework. (a) DiT Block structure. (b) Pre-training stage: the back-
bone reconstructs images with MedDINO deep supervision. (c¢) Fine-tuning stage: the
model adapts to conditional translation with NCCT and texture-enhanced inputs.

paired labels. Second, to further improve generalization on limited paired data,
we introduce manually synthesized CT-specific features and a spatial-intensity
decoupled data augmentation strategy. Finally, we incorporate deep supervision
to stabilize the training process.

Our approach demonstrates that with simple training strategies, DiT can
outperform GANs and U-Net-based DMs even with limited data. We train our
model on only 774 paired CT slices, yet it generates realistic and diagnostically
relevant CECT images. Our main contributions are as follows: (1) We present
CT?2-DiT, to our knowledge, the first successful application of a pure DiT to
NCCT-to-CECT translation. (2) We address the data-hungry nature of DiT by
introducing a pre-training strategy on public unlabeled data, complemented by
CT-specific feature injection, decoupled data augmentation, and deep supervi-
sion. (3) We demonstrate that our simple framework outperforms existing GAN-
based and U-Net-based diffusion methods across multiple metrics, providing a
strong, easy-to-reproduce baseline for future CECT synthesis research.

2 Method

We propose CT2-DiT, a framework for NCCT-to-CECT translation built on
a standard DiT [22]. Our goal is to enable effective DiT training in the low-
data regime through data-centric strategies rather than complex architectural
modifications. We formulate the translation task as a conditional generative
problem. Let z and y denote the source (NCCT) and target (CECT) images.
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We operate in the latent space of a pre-trained Variational Autoencoder (VAE).
We define ¢ = £(z) as the condition latent and zp = £(y) as the target latent.
Conditional Flow Matching: We adopt the flow matching framework [18,
16] to train the backbone. Instead of simulating the discrete diffusion steps, we
learn a velocity field vg that drives a probability path from a Gaussian distribu-
tion 21 ~ N(0,1) to the data distribution zo. The training objective minimizes
the regression loss between the model prediction and the ground-truth velocity:

L= ]Et,ZmQS [H’UQ(Zt’t?C) - (dtz@ + dt€)”2] ) (1)

where z; = ayzg + o€ is the intermediate state, and &4, d; are time derivatives
of the schedule functions [18]. During inference, we generate the target latent 2,
by solving the ordinary differential equation (ODE) dz;/dt = vg (24, t, ¢) starting
from pure noise, and reconstruct the image via the VAE decoder § = D(Z).

2.1 CT2-DiT Framework

Our framework involves two stages. (Fig. 1). Pre-training Stage: We first train
the DiT backbone to reconstruct noised CT images conditioned on timestep ¢
and class label [. To enhance representation learning, we employ deep supervi-
sion using MedDINO v3 [14], a foundation model pre-trained on large-scale CT
data. We maximize the cosine similarity between the DiT’s intermediate fea-
tures and MedDINO representations (iIREPA [25]), enabling the model to learn
generalizable anatomical features from unlabeled data. Fine-tuning Stage: We
convert the pre-trained backbone into a conditional translation model using a
ControlNet-style architecture [29]. We initialize the conditioning branches by
cloning the backbone. Unlike the original implementation [29], we remove the
z; input to the conditioning branches. Empirically, this simplification improved
SSIM by 2%. The NCCT image and a binarized texture map are fed into two in-
dependent branches, injecting conditions into the first half of the DiT blocks. For
deep supervision during fine-tuning, the DiT operates at 256 x 256 for tractable
global self-attention, while MedDINO features are not token-aligned with the
DiT backbone. We address this resolution mismatch with an asymmetric align-
ment layer (upsampling followed by a 3 x 3 convolution). During inference, we
use only the fine-tuned backbone and conditioning branches.

2.2 Bridging the Data Gap

DiTs are data-hungry and prone to overfitting on small datasets [15]. We pro-
pose three strategies to bridge this gap. Pre-training on Public Unlabeled
Data: We collect approximately 0.25M 2D CT slices from four public abdominal
datasets (HCC-TACE-Seg [19], LiTS [1], RAOS [17], TCGA-LIHC [4]). Images
are resized to 256 x 256 with standard windowing (center 40, width 400 for miss-
ing metadata). We generate pseudo-labels using K-Means clustering on image
features to enable class-conditional pre-training. These clusters describe image-
domain appearance in the unlabeled data and do not use lesion categories; fine-
tuning uses only contrast phase labels, avoiding lesion-label leakage. This allows
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Algorithm 1 PyTorch-style pseudocode for NCCT binarization.
Notes:
def binarize_ct(x, t=0.05): 1) t = 0.05: 50 HU liver prior, not
roi = (x > t) tuned. For other organs, use organ-
u = x[roi].mean() specific HU priors.
roi 2 = roi & (x <= w) 2) roiz: excludes low/high CT-value
m = x[roi_2].mean() voxels, retaining liver tissue.

f=roi2g (x>m 3) f: final binary texture map used as
return torch.where(f, 1.0, -1.0) model input.

the model to learn distribution statistics before fine-tuning on the target task.
CT-Specific Feature Injection: VAE compression often blurs high-frequency
details and subtle intensity changes crucial for lesion detection. To counteract
this, we explicitly inject structural priors. We generate a binary texture map that
highlights soft tissue boundaries while suppressing background noise and high-
intensity bones. The process is detailed in Algorithm 1. Compared to manual
tumor masks, whose boundaries can be uncertain and coarse, this map provides
finer-grained guidance by encoding local texture information. Spatial-Intensity
Decoupled Data Augmentation: To improve generalization without break-
ing the pixel-wise alignment required for translation, we employ a decoupled
strategy. Spatial Augmentation: We apply random rotation and affine trans-
formations identically to both the input NCCT and target CECT images. This
preserves anatomical alignment. Intensity Augmentation: We apply Gaus-
sian blur, HU shifting, and scaling only to the input NCCT images. Gaussian
blur forces the network to learn robust edge reconstruction, while HU variations
simulate scanner differences and contrast absorption variability.

3 Experiments

We evaluate our method on a private clinical dataset of 86 patients contain-
ing four focal liver lesion (FLL) types: hepatocellular carcinoma (HCC), focal
nodular hyperplasia (FNH), metastases (METS), and cysts. Three phases are
available: Non-Contrast (NC), Arterial (ART), and Portal Venous (PV). We use
lesion-bearing slices matched across phases at the largest tumor cross-section,
yielding 774 paired slices for training under an 80%/20% patient-level split. This
avoids healthy slices that provide little signal for FLL assessment and gives direct
pathological correspondence for our 2D setting. We use a 2D formulation because
clinical scans have varying slice thickness and our 0.25M-slice pre-training pool
includes data available only as 2D slices. We employ the DiT-B/2 backbone with
a sine-cosine Generalized Variance-preserving (GVP) interpolant [18].

3.1 Qualitative and Quantitative Comparison

We compare CT?-DiT against three GAN-based methods (Pix2pix [11], Atten-
tionGAN [2], PPT [30]) and three DMs (LDM [23], SynDiff [21], BBDM [12])
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Fig. 2. Qualitative results on CECT synthesis for ART (top three rows) and PV (bot-

tom three rows) phases. The figure compares the input NCCT, six competing methods,
our CT?-DiT, and the ground truth. Red boxes highlight the pathological regions.

on NC—ART and NC—PYV tasks. Fig. 2 visualizes the results. Generally, GAN-
based methods suffer from blurring and artifacts, while standard DMs improve
texture but occasionally hallucinate incorrect enhancement patterns. In contrast,
CTZ2-DiT excels in preserving lesion-specific features. For FNH (top row), which
exhibits arterial hyper-enhancement, GAN-based methods fail to produce suffi-
cient lesion-to-parenchyma contrast, whereas CT2?-DiT generates high-intensity
lesions with sharp boundaries matching the ground truth. For METS (second
row), our model synthesizes the characteristic rim enhancement and heteroge-
neous internal textures, avoiding the over-smoothing seen in AttentionGAN and
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Table 1. Quantitative comparison on different-sized datasets. The “Half” dataset de-
notes training with 50% of the data randomly removed. Best results are bolded.

Dataset Model NC — ART NC — PV

MAE| SSIMt PSNR{ MIt MAE] SSIMt PSNRt MIt

Pix2pix [11] 9.60 0.7599 21.87 1.10 10.14 0.7542 21.48 1.12
Attn. GAN [2] 8.20 0.8246 22.61 1.18 8.40 0.8194 22.37 1.20
PPT [30] 9.52 0.7840 21.70 1.14 10.63 0.7773 20.34 1.15
Full LDM [23] 12.40 0.6402 20.64 1.09 15.07 0.6124 19.35 1.10
SynDiff [21] 8.31 0.8094 22.67 1.17 846 0.8077 22.47 1.21
BBDM [12] 7.42 08313 23.58 1.21 8.02 0.8052 2292 1.23
CT2-DiT 7.42 0.8378 2348 1.24 7.91 0.8317 22.92 1.26

Pix2pix [11] 9.15 0.7715 2227 1.12 9.84 0.7722 21.74 1.14
Attn. GAN [2] 873 0.8097 22.16 1.15 8.98 0.8021 21.88 1.16
PPT [30] 991 0.7763 21.33 1.13 10.30 0.7702 20.99 1.15
Half LDM [23] 23.72 0.4624 17.67 1.03 25.74 0.4220 16.82 1.04
SynDiff [21] 8.28 0.8110 22.72 1.17 8.46 0.8079 2243 1.21
BBDM [12] 10.99 0.7587 20.90 1.12 10.22 0.7710 21.15 1.15
CT?-DiT 7.68 0.8317 23.19 1.22 8.20 0.8270 22.65 1.25

Table 2. Lesion type classification accuracy. The downstream classifier was trained on
synthetic data generated by each model and evaluated on real data. NC-only and Real
denote the NCCT-only baseline and real NCCT+CECT upper bound.

Input NC-only Pix2pix Attn. GAN PPT LDM SynD. BBDM Owurs Real
Acc. 81.86% 83.41% 87.43% 86.64% 85.83% 90.53% 90.55% 92.91% 96.07%

BBDM. For HCC (third row), we reproduce the critical wash-in and wash-out
dynamics. Although VAE compression slightly limits high-frequency detail com-
pared to pixel-space models like BBDM, CT2-DiT achieves superior structural
fidelity and separates lesions from the parenchyma more effectively.

We quantitatively evaluate synthesis quality using MAE, PSNR, SSIM, and
Mutual Information (MI). Table 1 reports results on two datasets. Full Dataset
Performance: CT2-DiT achieves the best structural fidelity across tasks. For
NC — ART, it attains an SSIM of 0.8378 and MI of 1.24, outperforming all
baselines. Although BBDM achieves a marginally higher PSNR, (23.58 dB vs.
23.48 dB), our method matches the best MAE (7.42). For NC — PV, CT%
DiT achieves the best performance across all metrics (e.g., lowest MAE of 7.91).
The consistent superiority in SSIM and MI indicates that our method preserves
anatomical structures and lesion details more faithfully than GANs or U-Net-
based DMs. Low-Data Regime: To validate data efficiency, we trained models
on only 50% of the data. While GANs and other DMs’ performance degrade



8 H. Zhu et al.

Table 3. Ablation study of the proposed strategies, we gradually add each component
to the baseline DiT model.

NC — ART NC —» PV
Model
MAE| SSIMt PSNRt MIt MAE] SSIMtT PSNRft MIt
Baseline 8.99  0.7517 2252 1.17 9.35 0.7452 22.18 1.20

+ Pre-training 8.49 0.8109 2236 1.19 880 0.8036 22.02 1.22
+ Binarize Map 8.27  0.8160 22.60 1.20 8.67 0.8062 22.15 1.23
+ Data Aug. 7.50 0.8348 2342 1.23 809 0.8273 22.81 1.25
+ iREPA 7.42 0.8378 23.48 1.24 7.91 0.8317 22.92 1.26

significantly, CT2-DiT remains robust. Notably, our model trained on half the
data still outperforms all baselines trained on the full dataset in terms of SSIM
and MI, demonstrating its suitability for data-scarce medical scenarios.

3.2 Downstream Task Evaluation and Ablation Study

To assess whether the synthesized images preserve diagnostically relevant pat-
terns, we perform a lesion classification task using the “Train on Synthetic, Test
on Real” protocol. We choose classification rather than segmentation because
lesion localization is usually available in this setting, while the key question is
whether contrast patterns for FLL typing are preserved. We train a ConvNeXt-
T classifier to distinguish four lesion types (Cyst, FNH, HCC, METS) using
concatenated NCCT and synthetic CECT images, split into 3 folds. Table 2
also reports an NCCT-only baseline and a real NCCT+CECT upper bound. As
shown in Table 2, the classifier trained on CT2-DiT data achieves the highest
accuracy of 92.91% on real patient data, outperforming the closest competitor
(BBDM) by 2.36%. It improves over the NCCT-only baseline by 11.05 points
(81.86% to 92.91%) and approaches the real-data upper bound of 96.07%. This
suggests that our generated images preserve features relevant to lesion classifi-
cation, rather than merely optimizing pixel-level similarity.

We analyze the contribution of each component in Table 3. Baseline: Train-
ing a standard DiT from scratch leads to overfitting and suboptimal structure
(0.7517 SSIM). Pre-training: Initializing with weights learned from our unla-
beled dataset significantly improves structural consistency. Feature Injection:
Injecting the binarized texture map via the ControlNet-style branch recovers
high-frequency lesion boundaries often blurred by VAE compression. Decou-
pled Augmentation: This strategy boosts generalization (increasing PSNR to
23.42 dB) by preventing the model from memorizing intensity mappings while
preserving spatial alignment. Deep Supervision: Aligning intermediate fea-
tures with the pre-trained MedDINO encoder yields the best overall performance,
ensuring the model learns semantically meaningful medical representations. Be-
cause lesions occupy only a small fraction of each slice, global metrics are domi-
nated by background and parenchyma. Thus, the binarized map mainly improves
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boundary recovery, while iREPA gives a consistent gain through representation
alignment rather than an easily isolated visual effect.

4 Conclusion and Future Work

We proposed CT2-DiT for low-data abdominal NCCT-to-CECT translation.
With unlabeled pre-training and CT-specific strategies, it outperforms existing
GANs and U-Net-based DMs while preserving diagnostically relevant patterns.
This study is limited to a single-center dataset with four lesion types; validation
on other institutions, scanners, and lesion subtypes remains necessary. Future
work will explore data-efficient pixel-space DiTs, which may require more data
but avoid VAE limits on high-frequency fidelity [13], and radiologist studies.
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