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Abstract. High-quality paired medical image-mask data are scarce due
to privacy constraints and the cost of expert annotation. While joint gen-
erative modeling offers a scalable solution for paired image-mask augmen-
tation, existing methods often couple structure and appearance, leading
to degraded region-of-interest (ROI) geometry, boundary inconsistency,
and synthetic-to-real distribution shift. We propose Dual-Stream Diffu-
sion (DSD), a joint generative framework that models paired data with
two decoupled denoising streams: a structure stream for mask predic-
tion and an appearance stream for image synthesis, thereby mitigating
optimization conflict. To further preserve image-mask coherence, DSD
introduces two structure-aware modules: Time-Gated Fusion provides
progressive structural guidance during denoising, while Structure-Aware
Heads enforce boundary-aligned prediction with improved image fidelity.
We evaluate DSD on three public datasets (Kvasir-SEG, ISIC 2016, and
3D-IRCADbD-01) and compare against competitive generation baselines.
Across all datasets, DSD consistently improves both generation quality
and image-mask consistency, demonstrating robust paired synthesis for
data augmentation in medical image segmentation.

Keywords: Medical Image Synthesis - Diffusion Models - Dual-Stream
Diffusion.

1 Introduction

High-quality medical image-mask pairs are essential for training robust segmen-
tation models and supporting downstream medical image analysis. However,
acquiring such paired data at scale remains challenging due to factors such as
the cost of expert labeling [1] and privacy regulations [2]. Meanwhile, advances
in generative modeling, from earlier GAN-based [3] synthesis to more recent
diffusion-based [4-6] methods, have made synthetic data generation increasingly
practical for medical imaging. Some recent work has explored generative augmen-
tation to synthesize images [7-10], masks [11,12], and image-mask pairs [13-15]
for downstream segmentation.
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Fig. 1: Overview of the proposed Dual-Stream Diffusion (DSD). (a) DSD
models the joint image-mask distribution with two decoupled streams for mask
prediction and image synthesis. Each stream adopts a JiT-style transformer
backbone [6]. To improve image-mask coherence, we design the following two
modules: (b) Time-Gated Fusion injects structure tokens into the appear-
ance stream via cross-attention with a time-dependent gate g(t). (¢) Structure-
Aware Heads perform mask prediction and coarse-to-fine image prediction.

In practice, synthesizing clinically valid image-mask pairs remains challeng-
ing. First, a synthetic-to-real joint distribution shift can arise when generative
priors fail to capture dataset-specific anatomy and acquisition characteristics.
This can produce unrealistic image-mask co-occurrence patterns (e.g., object-
count priors or boundary correspondence) [16,17]. Second, in some methods,
jointly modeling structure and appearance within a single-stream formulation
can introduce optimization conflict, which may cause fragmented masks and
boundary misalignment [15, 18]. Third, many existing approaches rely on strong
conditional inputs (e.g., an image, a mask), which can reduce scalability and ap-
plicability [7-12,15]. Therefore, addressing these challenges is crucial for trans-
lating synthetic pair quality into effective downstream performance.

To address these challenges, we propose Dual-Stream Diffusion (DSD), a joint
diffusion framework for medical image-mask generation. DSD employs two JiT-
style [6] Transformer [19] denoisers for direct image prediction rather than noise
prediction, supporting structure-guided synthesis and coarse-to-fine refinement.
Moreover, DSD is centered on two modules: Time-Gated Fusion, which provides
progressive structural guidance during denoising, and Structure-Aware Heads,
which improve boundary-aligned image-mask generation and fine-detail fidelity.
As a result, DSD achieves superior generative quality and improved image-mask
coherence. Our contributions are summarized as follows:

1. We propose Dual-Stream Diffusion (DSD), a joint generative frame-
work that models coherent medical image-mask pairs with decoupled structure
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and appearance streams, reducing optimization conflict between geometric and
appearance modeling.

2. We propose a Time-Gated Fusion module that injects structure features
into the appearance stream via cross-attention and a time-dependent gate, en-
abling strong early structural control with progressively relaxed guidance during
denoising.

3. We propose Structure-Aware Heads for joint mask and image pre-
diction, including a mask head, a low-frequency image head, and a structure-
conditioned high-frequency head for improved boundary fidelity and image-mask
alignment.

4. Experiments on three public datasets show that DSD improves genera-
tive quality, image-mask consistency, and downstream segmentation performance
over strong baselines.

2 Methodology

Problem Setting. Let (z,m) ~ pgata denote a paired medical image and its
ROI mask, where z € R3>*?XW and m € {0, 1}17X>W_ Our goal is to learn
the joint distribution p(z,m) and generate pixel-aligned image-mask pairs. We
concatenate the clean mask and image as a 4-channel target

T = [m, z] € R>H>XW, (1)

2.1 Preliminaries

Continuous-Time Diffusion with Direct Target Prediction. Let xy denote the
paired mask-image target (concatenated along channels). Following a JiT-style
[6] continuous-time formulation, we sample a continuous noise level ¢ € (0, 1) and
construct a corrupted state by interpolating between Gaussian noise € ~ N (0, I)
and the clean target:

z=txg+ (1—1t)e (2)

Thus, t = 0 corresponds to highly noisy states, while ¢t =~ 1 corresponds to near-
clean states. The denoiser directly predicts the clean target rather than noise:

Zo :fe(ztat)' (3)

Derived Velocity-Space Supervision. Although the denoiser directly predicts o,
training follows the JiT-style derived velocity parameterization:

To — 2t . To — 2t
wlt) = =2 () = @
We optimize a channel-weighted MSE in this velocity space:
L = Allvo,m (t) = o5 (D113 + Asllva,e (8) — w3 ()]]3- (5)

This preserves direct target prediction while using a reparameterized training
objective; implementation follows JiT with standard numerical stabilization.
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2.2 Dual-Stream Diffusion

In paired medical image-mask synthesis, structural spatial features (e.g., ROI
shapes) and image appearance (e.g., intensity patterns and textures) follow
different learning dynamics. Modeling them within a single denoising stream
can cause optimization conflict, potentially degrading mask integrity and image-
mask alignment. To address this, we design a dual-stream diffusion that explicitly
separates structure and appearance, and introduce (1) time-gated fusion and (2)
structure-aware heads for structure-aware fusion, as shown in Fig. 1.

Each stream of DSD adopts the same denoiser as JiT (i.e., direct image
prediction) [6]. Let T&,T% € REXNXD denote the structure and appearance
token sequences at transformer block i, (i = 1,...,I). Where N = (H/P) x
(W/P) is the number of patches for patch size P, and D is the hidden dimension.
Each block updates both streams with standard token mixing (self-attention and
MLP), followed by a structure-to-appearance cross-stream interaction.

2.3 Time-Gated Fusion

Decoupling the two streams reduces optimization conflict, but fully independent
updates can weaken image-mask coherence, particularly around ROI bound-
aries. In medical images, strong structural guidance is crucial in early denoising
stages to suppress spurious regions, while later stages require greater appearance
flexibility to recover realistic details. To achieve this, we inject structure infor-
mation into the appearance stream using a cross-attention (CA) [20] mechanism
weighted by a time-gate.

Structure-to-appearance cross-attention. As shown in Fig. 1(b), for each trans-
former block (i =1,...,I) in each stream, we inject structural information into
the appearance stream after intra-stream updates:

Th « T4 + gi(t) CA(Q = T%, K = T&,V = T%), (6)
Ti‘/ replaces T% as the output token sequence of appearance stream block 4.

Dual gating. The fusion strength is modulated by the product of a fixed time-
dependent gate and a learnable per-block gate:

git) = (1=t g,  p=15 (7)

where (1—t)? enforces stronger structural coupling at earlier, noisier steps (¢ ~ 0)
and gradually weakens it toward later, cleaner steps, while ¢;, adapts the fusion
magnitude across network depth.

2.4 Structure-Aware Heads

Medical image synthesis requires both globally coherent appearance (e.g., overall
intensity distribution and tissue context) and locally accurate high-frequency de-
tails (e.g., lesion boundaries and fine textures). A single image head may conflate
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these objectives, potentially weakening boundary coherence with the generated
mask. To better balance the structure-appearance trade-off, we employ a de-
composed image prediction design alongside a dedicated mask head.

From the final tokens, DSD predicts separate mask and image channels
(Fig. 1(c)). The structure stream outputs a single-channel mask prediction (real-
valued scores), while the appearance stream generates the image using a low-
/high-frequency (LF/HF)decomposition:

1 = hmask (T4, t), (8)
dLp = hiow(Th,t),  Zup = hpign(Th, TE, 1), & = @1p + Tur. 9)

The h represents MLP, and hjoy is denoted as MLP; in Fig. 1(c), where I denotes
the low-frequency branch. The joint clean prediction is then

&g = [, 2] € R>HXW, (10)

2.5 Training Objective

DSD jointly generates a binary-like mask and continuous-valued image. Using
separate objectives can introduce additional tuning complexity and may bias
optimization toward one modality. To keep supervision simple and consistent
across modalities, we train both streams with the same channel-weighted MSE
in the derived velocity space (Sec. 2.1, Egs. (4)—(5)). Although DSD predicts
(Eq. (3)), supervision is applied to the corresponding velocity-space quantities for
both mask and image channels. Unless otherwise stated, we use A, = A, = 1.0.

2.6 Sampling

Inference uses the same dual-stream denoiser and time-gated cross-stream fusion
as in training throughout the denoising trajectory. Starting from Gaussian noise
zt—o ~ N(0, 1), we integrate from ¢ = 0 to t = 1 with the Heun solver [21]|. The
final output is &g = [, Z]. For binary mask evaluation, we obtain

m = 1[o(1i) > 0.5] . (11)

3 Experiments

3.1 Setup

Datasets. We conduct experiments on three public datasets: Kvasir-SEG [22] (en-
doscopic polyps), ISIC 2016 23] (dermoscopic skin lesions), and 3D-IRCADb-01
[24] (liver CT). For 3D-IRCADD-01, we extract 2D axial slices from CT volumes.
All inputs are represented as three-channel tensors; CT slices are replicated from
one channel during preprocessing. No new patient data were collected; ethics ap-
proval was not required for these public datasets. The train/val/test splits are
700/100,/200 (Kvasir-SEG), 700/200/379 (ISIC 2016), and 1451/207/416 (3D-
IRCADD-01); the CT split is performed at the patient level. All images are
resized to 256 x 256. Masks are binarized and stored as single-channel annota-
tions.
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Table 1: Generative fidelity and image-mask pair consistency comparison. KID
(J) measures image generation fidelity, while Dice/IoU (1) quantify consistency
using a frozen ResNet34 28] trained on real data. “Real Data” refers to evalua-
tion on real test samples, whereas all other methods are evaluated on generated
samples. The best result excluding “Real Data” is highlighted in bold. “~” indi-
cates not applicable.

Method Kvasir-SEG [22] ISIC 2016 [23] 3D-IRCADb-01 [24]
Dicet IoUt KID|] Dicet IoUt KID] Dicet IoUt KIDJ
Real Data 0.7020 0.5999 - 0.9012 0.8359 - 0.9676  0.9454 -

SatSynth [30] 0.4114 0.3060 0.1149 0.4530 0.3404 0.7857 0.5938 0.5010 0.3933
DiffGen [14] 0.1992 0.1372 0.1604 0.4057 0.3265 0.2891 0.1860 0.1272 0.2146
DiffAtlas [12] 0.5903 0.5224 0.0830 0.6935 0.6126 0.0449 0.7300 0.6667 0.0370

MSF [15] 0.5968 0.4579 0.0788 0.7559 0.6304 0.0832 0.8365 0.7957 0.0487
JiT [6] 0.6598 0.5607 0.1373 0.8934 0.8317 0.1117 0.8621 0.8140 0.0733
Ours 0.7200 0.6309 0.0358 0.9150 0.8556 0.0407 0.9414 0.8750 0.0466

Settings. Our DSD uses a dual-stream ViT-M/16 denoiser [19] (depth 10, embed-
ding dimension 640, and 10 attention heads). We train the model with AdamW.
Timesteps are sampled using a logit-normal schedule, ¢ = o(N(—0.8,0.8?)).
For sampling, we use Heun’s method with 50 steps. We jointly train DSD on the
three datasets and use classifier-free guidance (CFG) [25], with 0.1 label dropout
during training and a guidance scale of 1.0 at inference.

Evaluation. We evaluate fidelity, image—mask consistency, and usability for seg-
mentation. Fidelity: We measure fidelity using Kernel Inception Distance (KID)
between generated and real image samples. Pair consistency: Following [26,
27], for each dataset we train a ResNet34 [28] segmentation evaluator Pges only
on the real training split. We then fix @y, and predict m’ = Pgeq(2) from a gen-
erated image #, and compute Dice and IoU between m’ and the generated mask
m. Replacement experiment: Following [29], we train the same ResNet34
from scratch using only synthetic image—mask pairs and evaluate it on the real
test set to probe synthetic-to-real distribution shift.

3.2 Results

We compare our method with state-of-the-art baselines, including SatSynth [30],
DiffGen [14], DiffAtlas [12], MedSegFactory (MSF) [15], and JiT [6]. All methods
are evaluated under the same pre-processing.

Quantitative results. Table 1 shows a consistent trend: DSD improves both
image-mask alignment (Dice/ToU) and image fidelity (KID), without an evi-
dent fidelity-consistency trade-off in our settings.
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Fig. 2: Qualitative comparison of generated results on Kvasir-SEG, ISIC 2016,
and 3D-IRCADD-01 (labeled as 3DIRCADD).
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Fig. 3: t-SNE visualization comparing real and generated images by our method.

Qualitative results. Fig. 2 shows example image-mask pairs. Compared with
prior baselines, DSD produces closer boundary alignment between 2 and , re-
ducing mask leakage into the background and shape distortion for endoscopic
polyps and dermoscopic lesions.

t-SNE wvisualization. As shown in Fig. 3, our generated samples overlap with
real data in the learned t-SNE feature space. Minor shifts remain, but the over-
all embedding structure is well preserved.

Full replacement evaluation. Table 2 directly measures the usability of generated
labels, with training on real data serving as an upper bound. DSD performs best
among synthetic-data methods on ISIC 2016 and 3D-IRCADD-01, and remains
competitive on Kvasir-SEG. This trend suggests that the synthetic pairs gener-
ated by DSD transfer effectively to downstream segmentation.
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Table 2: Full replacement evaluation using ResNet34 [28] across datasets. “Real
Data” denotes training and testing on real data, while all other methods are
trained on synthetic data and evaluated on the real test set. The best result
excluding “Real Data” is highlighted in bold.

Kvasir-SEG [22] ISIC 2016 [23] 3D-IRCADD-01 [24]
Method Dicet ToU?T Dicet ToU?T Dicet TIoU?T
Real Data 0.7183 0.5514 0.9043 0.8268 0.9834 0.9673

SatSynth [30] 0.5820 0.3370 0.7859 0.5499 0.9315 0.8716
DiffGen [14] 0.6583 0.4806 0.8293 0.6216 0.9339 0.7084
DiffAtlas [12] 0.6950 0.5132  0.8851 0.7764 0.9401 0.8813

MSF [15] 0.4654 0.3782 0.8081 0.6820 0.9304 0.8671
JiT (6] 0.5976 0.4158 0.8468 0.7345 0.9654 0.9330
Ours 0.6441 0.4623  0.8867 0.7879 0.9757 0.9517

Table 3: Ablation study of key components. Components include Dual (dual-
stream), Gate (time-gate), CA (cross-attention), SH (structure-aware heads),
and HF (only high-frequency head).

Components KIDJ
Dual Gate CA SH HF Kuvasir-SEG [22] ISIC 2016 [23] 3D-IRCADb-01 [24]
v X X X - 0.2808 0.3008 0.1059
v v VAR SR 0.2313 0.2962 0.2141
v X v v 7/ 0.0868 0.1028 0.0686
v v X v v 0.0889 0.1089 0.0681
v v /X 0.0924 0.1076 0.0659
v v v v 7/ 0.0358 0.0407 0.0466

Ablation and Analysis. Table 3 reports an ablation of the key design components.
Starting from the basic dual-stream configuration, progressively adding cross-
stream fusion and structure-aware heads consistently improves performance across
the evaluated metrics. The full configuration achieves the best overall results on
all three datasets.

4 Conclusion

We proposed Dual-Stream Diffusion (DSD), a pixel-space joint diffusion frame-
work for generating aligned medical image-mask pairs. By decoupling structure
and appearance into two denoising streams and introducing time-gated fusion
and structure-aware heads modules, DSD improves image-mask coherence and
the practical utility of synthetic pairs for segmentation. Experiments demon-
strate generative quality, pair-consistency, and full-replacement evaluations show
consistent gains over strong baselines.
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