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Abstract. Robust medical image segmentation across modalities re-
mains challenging due to severe domain shifts and the lack of target-
domain labels. While diffusion models have been explored for cross-
domain generation and augmentation, target-domain conditional diffu-
sion training typically relies on highly noisy pseudo masks; naively con-
ditioning on a single Arg-Max pseudo-label can corrupt diffusion train-
ing and downstream segmentation. We propose UPDiff-UDA, a uni-
fied UDA framework whose core is an uncertainty-guided training objec-
tive for target-domain conditional diffusion. Given an imperfect source-
trained segmenter, we use its per-pixel softmax distribution to form
ranked pseudo-label maps (Arg-Max, Arg-2nd, Arg-3rd, . . . ). Each map
yields a conditional score estimate, and we aggregate them via pixel-wise
confidence weighting to obtain an uncertainty-reweighted score for score
matching, improving robustness to pseudo-label noise while leveraging al-
ternative plausible labels in uncertain regions. We further provide a theo-
retical justification showing that confidence-weighted aggregation follows
a minimum-MSE convex-combination principle under the segmenter-
induced surrogate label distribution. To improve pseudo-condition qual-
ity, we also introduce a feature-guided, low-degree-of-freedom Bézier curve
adaptation to reduce appearance gaps. Experiments on multiple pub-
lic datasets and modality shifts show that UPDiff-UDA generates high-
fidelity labeled target-style samples for augmentation and consistently
outperforms strong UDA baselines. The code for this project is available
at: https://github.com/superlc1995/Multi-Channel-Uncertainty-
Diffusion-UDA

Keywords: Diffusion model · Unsupervised domain adaptation · Bézier
curve

1 Introduction

Deep learning models can achieve excellent segmentation performance when
trained with dense annotations, but their reliability often collapses under domain
shift, e.g., when imaging protocols, scanners, or institutions change. In medical
⋆ Email: Chen Li (li.chen.8@stonybrook.edu).
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imaging, such shifts are very common and can degrade well-trained models from
another domain. Unsupervised domain adaptation (UDA) [5, 17, 20, 30] aims to
transfer knowledge from a labeled source domain to an unlabeled target domain,
reducing the need for expensive target annotations. GAN-based style translation
is a popular UDA approach [31,56], either mapping target images to source style
for inference with a source-trained model or translating source images to target
style for data augmentation. However, beyond GAN training instability, such
translations often degrade or distort highly variable regions, especially small,
rare lesions with heterogeneous appearance, because reliable cross-domain cor-
respondences and consistent style mappings are difficult to learn [45].

Recently, diffusion models, particularly conditional diffusion models (CDMs),
have been explored for UDA [10, 18, 32], mostly as generative augmentation
modules. Masks are provided as conditional input for CDMs to generate corre-
sponding syntheic images. These mask-image pairs are supposed to mimic target
domain annotation-image pairs to adapt the model. The issue, however, is we
do not have ground truth masks in the target domain in the first place. Some
pipelines implicitly rely on stronger assumptions by training with (image, mask)
pairs via style translation and reusing source masks as labels, treating source
labels as directly transferable to target-style data [37]. Another realistic alter-
native is to use pseudo-labels, i.e., masks predicted by a source-domain-trained
segmenter on target-domain images [10, 15, 39]. However, under domain shift, a
source-domain-trained model’s predictions on target images are often uncertain
and error-prone; the noise will be amplified by CDM, yielding unrealistic syn-
thetic mask-image pairs, and ultimately degrading model adaptation [32]. See
Fig. 1 for illustrations.

We focus on this critical yet under-addressed challenge in UDA: how to
robustly train CDMs using noisy target-domain pseudo-labels. An in-
tuitive approach, borrowed from semi-supervised learning [26,40], is to leverage
the uncertainty of these labels by discarding high-uncertainty samples. However,
given the significant domain gap, pseudo-labels are often excessively noisy. This
causes vanilla uncertainty-based strategies to fail: it either discards too much
data, leading to inefficient learning, or admits too much noise, ultimately derail-
ing the training process.

In this paper, we propose a novel multi-channel uncertainty-guided CDM
training for UDA. The key idea is to treat the segmentor output not as a
single pseudo-label mask, but as a distribution over plausible labels. For each
target domain image, the segmentation model produces a softmax probability
vector at every pixel. Instead of only using the prediction (i.e., the Arg-Max
mask), we argue that for uncertain prediction, model’s confidence on all labels
are valuable information and should be used. During CDM training, we gen-
erate ranked pseudo-label maps (Arg-Max, Arg-2nd, Arg-3rd, etc.) as separate
channels.3 We use all these different channels to train the CDMs. Each chan-
nel has its own conditional score estimation. Aggregating these multi-channel

3 Here “map” denotes a full spatial label map (an arg-k label at every pixel/voxel),
not a single one-hot class channel.
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Fig. 1: The comparison between (a) Prior conditional diffusion in UDA and (b) our
Uncertainty-guided conditional diffusion.

score estimates weighted by their confidence results in a much more effective
uncertainty-reweighted score-matching objective. This design has two benefits:
(1) it preserves useful semantic guidance from high-confidence regions, and (2) it
reduces the negative impact of incorrect pseudo-labels by downweighting uncer-
tain predictions while still exploiting alternative plausible labels. An illustration
is shown in Fig. 1. In practice, one important strength is that our method does
not change the diffusion architecture; it only changes the training objective,
making the implementation easy and robust.

We further provide theoretical insight into the proposed aggregation: under
a squared-error criterion, weighting multiple conditional score estimates by the
segmenter’s softmax probabilities yields the optimal convex combination with
respect to a surrogate label distribution defined by the softmax outputs, high-
lighting why we should not collapse the softmax to an Arg-Max pseudo-label.

To further strengthen the pseudo-conditions and uncertainty signals used
by our diffusion training, we also introduce a supporting appearance-alignment
component, Bézier adaptation. Rather than learning an unconstrained, free-form
translation, Bézier adaptation applies a learnable Bézier-curve-based transfor-
mation with limited degrees of freedom and feature-guided optimization. This
improves stability and generalization and, crucially for our main contribution,
yields better initial segmentation predictions and more informative uncertainty
maps in the target domain, improving uncertainty-guided diffusion training.

Putting these components together, we present UPDiff-UDA, a UDA frame-
work that (i) enables robust target-domain CDM training under noisy pseudo-
labels via uncertainty-guided score matching and (ii) produces stronger pseudo-
conditions via stable, constrained appearance alignment. The trained CDM then
generates labeled target-style image–mask pairs for augmentation, allowing us
to train a high-quality target-domain segmentation model. Please see Fig. 2 for
an illustration. In summary, our main contributions are:
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Fig. 2: The overview of our pipeline: Bézier adaptation, uncertainty guided CDM, and
Plug-and-play integration with common UDA pipelines.

– Multi-channel uncertainty-guided CDM training under noisy pseudo-
label conditions. We introduce a new score-matching objective that lever-
ages the segmentation model’s ranked softmax predictions and pixel-wise
confidence weighting to robustly train conditional diffusion in the target do-
main without ground-truth target masks.

– Theoretical justification and robustness analysis. We provide theo-
retical justification for the proposed confidence-weighted aggregation by es-
tablishing a minimum-MSE convex aggregation principle under an assumed
per-pixel label distribution.

– Bézier adaptation as a supporting pillar. We propose a constrained,
feature-guided Bézier-curve transformation that reduces appearance gaps
and improves the quality of pseudo-labels/uncertainty estimates feeding into
uncertainty-guided diffusion training.

Using the robustly trained CDM, we synthesize labeled target-style image–mask
pairs to strengthen target-domain training and improve segmentation perfor-
mance. We demonstrate that our framework integrates with common UDA pipelines
and consistently improves performance across datasets and modality shifts.

2 Related Work

Unsupervised domain adaptation (UDA) for segmentation has been ex-
tensively studied as a cost-effective solution to the challenge of acquiring high-
quality segmentation annotations [13,16,24,29,42,53,55], particularly in the con-
text of medical imaging, where manual annotations demand significant expertise
and resources [6,9,17,20,30,54]. Self-training [4,14,38,49,50] is widely utilized in
UDA due to the substantial performance gains achieved through pseudo-labeling.
However, the gain of self-training is limited due to two aspects: First, the quality
of pseudo-labels can be degraded due to the domain gap. Second, the available
target domain images determine the performance upper bound of UDA methods.
In contrast, our framework leverages the generative capacity of CDM, enabling
us to generate an unlimited number of labeled target domain images, irrespective
of the availability of target domain samples.
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GAN-based style transfer [2, 11, 21, 33] mitigates domain gaps by adapting
the image style of the source domain to match that of the target domain. This
enables the segmentation model trained on style-transferred images to achieve
improved performance in the target domain [13,20,56]. However, the effectiveness
of these domain style transfer methods is limited. Achieving a thorough and
precise style transformation is highly challenging. In tumor regions, style transfer
can be particularly problematic and may even have a counterproductive effect
due to the sparsity and location variability of tumor regions. Although methods
like CyCADA [13] use semantic consistency loss to force the translated image
to have the same segmentation map as before, the need to use multiple loss
functions impairs the model’s ability to depict tumor regions.
Diffusion models [8, 12, 36, 41] are widely applied to vision tasks due to their
ability to produce high-quality samples. For the segmentation task, diffusion
models are applied to both natural images [1, 7, 19, 37] and medical images [27,
46,48,51]. In terms of domain adaptation, [37] proposes a diffusion-based image
translation framework guided by pixel-wise semantic labels for semantic segmen-
tation. In Wang et al. [44], the diffusion model is utilized as an encoder to learn
domain-invariant representations, facilitating UDA in medical image segmenta-
tion. To the best of our knowledge, we are among the first to leverage conditional
diffusion models for directly augmenting the target domain with high-quality la-
beled synthetic images.

3 Method

Our UPDiff-UDA framework is built around an uncertainty-guided conditional
diffusion model (CDM) for target-domain data augmentation (Sec. 3.2), with
a lightweight Bézier-curve-based style alignment module (Bézier adaptation,
Sec. 4.1) as a supporting component. The core challenge we address is that
training a CDM in UDA requires conditional labels in the target domain, yet
only noisy pseudo-labels are available due to domain shift. Naively condition-
ing a diffusion model on a single Arg-Max pseudo mask can propagate label
errors into generation and undermine downstream segmentation. To overcome
this bottleneck, we propose a noise-robust training strategy for conditional dif-
fusion: instead of treating the segmenter output as one pseudo mask, we ex-
ploit the full softmax distribution by constructing multiple ranked pseudo-label
maps (Arg-Max, Arg-2nd, Arg-3rd, etc.) and using their pixel-wise confidence to
reweight conditional score estimates during diffusion training. This uncertainty-
guided score matching objective enables the CDM to leverage useful semantic
cues while suppressing the impact of incorrect pseudo conditions, resulting in
more reliable target-style labeled synthesis.

As shown in Fig. 2(b), we train the CDM on target-domain images and then
use it as a label-preserving generator. Under the standard UDA assumption
that the semantic label distribution is shared across domains, the CDM takes
a segmentation mask (e.g., from the source domain) as condition and generates
a corresponding target-style image, producing labeled synthetic pairs for aug-
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Fig. 3: An overview of the proposed uncertainty-guided CDM training framework.

mentation. These generated image–mask pairs can be combined with unlabeled
target images and plugged into existing UDA pipelines to learn a strong target-
domain segmentation model. To further improve the quality of pseudo condi-
tions and the associated uncertainty signals used for CDM training, we intro-
duce Bézier adaptation as a supporting alignment step: it applies a constrained,
learnable Bézier-curve intensity transformation optimized via feature-space sim-
ilarity, narrowing the appearance gap and yielding more reliable segmentation
predictions on target images. The overall framework is illustrated in Fig. 2.

3.1 Preliminaries: score-based diffusion models

Diffusion models synthesize data by transforming Gaussian noise into samples
via a reverse-time stochastic process. Let xt ∈ Rd denote the data state at time
t ∈ [0, T ]. The forward diffusion process is described by the SDE

dxt = f(xt, t) dt+ g(t) dwt, (1)

where f(·, ·) is the drift, g(·) the diffusion coefficient, and wt is a standard Wiener
process. Let pt(x) be the marginal density of xt. Under mild regularity condi-
tions, the corresponding reverse-time SDE is

dxt =
[
f(xt, t)− g(t)2∇xt

log pt(xt)
]
dt+ g(t) dw̄t, (2)

where w̄t is a reverse-time Wiener process. Since the score ∇xt
log pt(xt) is in-

tractable, it is approximated by a neural network sθ trained via denoising score
matching (DSM) [12]:

LDSM(θ) = Et

[
λ(t)E(x0,y)∼p0(X,Y ) Ext∼pt|0(·|x0)

∥∥∥sθ(xt, y, t)−∇xt
log pt|0(xt | x0)

∥∥∥2
2

]
,

(3)
where pt|0(xt | x0) is the Gaussian perturbation kernel implied by (1), and λ(t)
is a weighting schedule.
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3.2 Uncertainty-guided conditional diffusion model on the target
domain

We aim to train a target-domain conditional diffusion model (CDM) using only
target images Xt and an imperfect segmentation model fp (trained on the source
domain and thus potentially unreliable on Xt). We adapt fp to target images
and use its predictions as conditional inputs for CDM training. Unlike standard
pseudo-labeling that uses only the Arg-Max prediction, we jointly utilize multiple
semantic predictions from fp. For a given target image x0, we generate multiple
pseudo segmentation masks (Arg-Max, Arg-2nd, Arg-3rd, etc.), and use their
corresponding confidence maps to aggregate multiple conditional score estimates
in a pixel-wise manner. The overall training pipeline and an illustrative example
of these ranked pseudo maps are shown in Fig. 3.

Pseudo-label distribution and confidence maps. Let pu(k) := softmax(fp(x0))u,k
be the segmentation probability for class k at pixel/voxel u. For each pixel, we
view the softmax vector {pu(k)}|K|

k=1 as a surrogate distribution over plausible
labels in the target domain. When the Arg-Max confidence is low, the Arg-2nd
(or other ranked) class can have a substantial chance to be correct; thus incor-
porating the alternatives can mitigate pseudo-label errors in uncertain regions.

Uncertainty-reweighted score estimation. We feed pseudo-label maps derived
from fp to the conditional score network sθ to obtain label-conditional score
estimates. These estimates are aggregated using pixel-wise confidence weights to
form a single uncertainty-reweighted score:

ŝθ(xt, t) =

|K|∑
k=1

p(· = k) ⊙ sθ(xt, y = k, t), (4)

where p(· = k) denotes the per-pixel weight map u 7→ pu(k) and “⊙” denotes
the Hadamard (pixel-wise) product.

Uncertainty-guided score matching objective. We train the CDM by replacing
the score network in (3) with the uncertainty-reweighted score ŝθ:

LUGSM(θ) = Et

[
λ(t)Ex0∼pt(Xt) Ext∼pt|0(·|x0)

∥∥∥ŝθ(xt, t)−∇xt
log pt|0(xt | x0)

∥∥∥2
2

]
.

(5)
Optimizing (5) ensures that high-confidence predictions contribute strong se-
mantic guidance to the score estimation, while lower-confidence predictions are
still utilized but downweighted, thereby reducing the negative impact of erro-
neous pseudo-labels. Importantly, the reweighting is pixel-wise, reflecting the
fact that confidence can vary across spatial locations.
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4 Theoretical justification: why multi-channel

Our confidence-weighted aggregation is motivated by a minimum-MSE convex-
combination principle: given a per-pixel label distribution, the squared-error
optimal convex weights for aggregating label-conditional scores match that dis-
tribution. We instantiate this distribution using the segmenter softmax outputs,
which clarifies why we need not collapse the softmax to an Arg-Max pseudo-
label (Arg-Max is optimal only when predictions are nearly deterministic). We
formalize this principle in Theorem 1.

Theorem 1 (Minimum-MSE convex aggregation under an assumed la-
bel distribution). Fix a diffusion time t and pixel u. Let Y (u) ∈ {1, . . . , |K|}
be a discrete label variable with an assumed per-pixel distribution qu(k) :=
P(Y (u) = k | x0) (e.g., provided by a segmentation model). For each label ℓ,
denote the label-conditional score at u by Sℓ(u) := ∇xt(u) log pt(xt | Y = ℓ).
Consider deterministic aggregated estimators of the form

aw(u) =

|K|∑
ℓ=1

wu(ℓ)Sℓ(u), wu ∈ ∆|K|−1.

Then the conditional mean squared error

E
[∥∥aw(u)− SY (u)(u)

∥∥2
2

∣∣∣x0, xt

]
is minimized by wu = qu.

Implication. Arg-Max conditioning corresponds to a one-hot qu and is optimal
only when the label distribution is (nearly) deterministic; otherwise, probability-
weighted aggregation yields the minimum-MSE convex combination under qu.

Proof (compact). Condition on (x0, xt) and define mq(u) :=
∑

ℓ qu(ℓ)Sℓ(u). For
any fixed (deterministic) aw(u),

E
[
∥aw(u)− SY (u)(u)∥22 | x0, xt

]
= ∥aw(u)−mq(u)∥22 + C(u),

where
C(u) =

∑
ℓ

qu(ℓ)∥Sℓ(u)∥22 − ∥mq(u)∥22

is independent of wu. Thus the minimizer satisfies aw(u) = mq(u), which is
achieved by wu = qu. ⊓⊔

Discussion. Theorem 1 provides a minimum-MSE convex aggregation princi-
ple: the optimal weights equal the underlying per-pixel label distribution qu.
In our method, we instantiate qu using the segmenter softmax output pu(k) =
softmax(fp(x0))u,k, treating it as a surrogate estimate of target-domain label
uncertainty under domain shift. Since this surrogate may be imperfect, the ef-
fectiveness of the aggregation depends on how well pu reflects the underlying
label uncertainty; we analyze the impact of probability mismatch on the estima-
tion error in the supplementary material.



Abbreviated paper title 9

Transferred 
Image

Feature 
Encoder

Matched 
target Image

Feature 
Encoder

Nelder–Mead 
Optimization

𝑃3(𝑃2)

𝑃0(𝑃1)

𝑃3
𝑃2

𝑃1

𝑃0
𝑃1

𝑃2

𝑃0

𝑃3
𝑃3(𝑃2)

𝑃0(𝑃1) 𝑃3

𝑃0

𝑃1

𝑃2

𝑃0

𝑃1

𝑃2
𝑃3

𝑩 ƴ𝒆𝒛𝒊𝒆𝒓 
𝑪𝒖𝒓𝒗𝒆𝒔

𝑶𝒓𝒊𝒈𝒊𝒏𝒂𝒍 
𝒊𝒎𝒂𝒈𝒆𝒔

(b) Learning Bézier curve Transform 

Source 
Image

Bézier curve 
Transform

MSE loss

(a) Example Bézier Curves and Corresponding  Transforms 

Fig. 4: The overview of Bézier-curve-based style transfer. (a) illustrates the impact of
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the control points optimization process of Bézier adaptation.

Top-K approximation (efficiency). Computing (4) over all |K| labels can be
expensive. In practice, we restrict aggregation to the top-K classes per pixel and
renormalize the weights. Let πu(1), . . . , πu(K) be the indices of the K largest
values of {pu(k)}|K|

k=1 and define ỹ(k)(u) := πu(k) and

c̄(k)(u) :=
pu(ỹ

(k)(u))∑K
j=1 pu(ỹ

(j)(u)) + ϵ
,

K∑
k=1

c̄(k)(u) ≈ 1. (6)

We then approximate (4) as

ŝθ(xt, t) ≈
K∑

k=1

c̄(k) ⊙ sθ(xt, ỹ
(k), t), (7)

where K trades off computation and approximation fidelity (see supplementary
material for further discussion).

High-confidence collapse with per-pixel renormalization. We observed that in
pixels where the segmenter is extremely confident, higher-rank predictions (Arg-
2nd/Arg-3rd/. . . ) are not informative (their probabilities are near zero) and may
unnecessarily complicate uncertainty-guided CDM training. To handle this case,
we apply a pixel-wise collapse rule during CDM training. Let c(1)(i, j) denote
the Arg-Max confidence at pixel (i, j) and let δ be a confidence threshold. For
any k > 1, if c(1)(i, j) > δ, we overwrite the higher-rank pseudo-labels with the
Arg-Max label,

ỹ(k)(i, j)← ỹ(1)(i, j),

so that alternative labels are discarded at these highly confident locations. We
then set the corresponding confidence values to a uniform constant before per-
pixel renormalization,

c(k)(i, j)← 1

|C|
, k > 1,
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where |C| is the number of classes. After renormalization, the aggregation re-
mains equivalent to conditioning on Arg-Max only, because all channels share
the same label at (i, j) (hence they produce the same conditional score estimate),
while in pixels with c(1)(i, j) ≤ δ we keep the original ranked pseudo-labels so
that plausible alternatives can contribute in uncertain regions.

4.1 Bézier adaptation

Bézier adaptation is a lightweight intensity alignment module used to reduce
the appearance gap before training our uncertainty-guided CDM. We model
the cross-domain intensity mapping with a cubic Bézier curve, which provides
a smooth nonlinear transformation controlled by only a few parameters. Com-
pared with GAN-based translation, this constrained parameterization is more
stable and less likely to introduce structural artifacts; compared with histogram
matching, it is flexible enough to fit a specific source–target domain pair.

To learn the transformation, we optimize the Bézier control points so that
transformed source images become closer to target images. Because pixel-wise
comparison is unreliable under large modality shifts, we measure similarity in
a deep feature space extracted by a pretrained encoder. Concretely, we first se-
lect representative source prototypes via K-means in feature space, retrieve their
nearest neighbors from the target set, and then fit Bézier parameters by minimiz-
ing the feature-space MSE between each matched pair. Since the optimization
landscape can be noisy and the parameter space is low-dimensional, we use a
derivative-free optimizer (Nelder–Mead) for stable fitting. The resulting Bézier
transformation produces better-aligned images, which in turn improves the qual-
ity of pseudo-labels and uncertainty maps used by our uncertainty-guided dif-
fusion training. The complete Bézier adaptation pipeline is in Fig. 4(b). More
details about Bézier adaptation are in the supplementary material.

5 Experiment

In the experimental section, we mainly evaluate the effectiveness of our method
on unsupervised domain adaptation (UDA) for medical image segmentation.
Datasets. We use three benchmark datasets (i.e., BraTS 2023 dataset [23],
Multi-Modality Whole Heart Segmentation dataset [57], and Abdominal Multi-
Organ datasets [22,25]) to show the effectiveness of our method. Please refer to
the supplementary material for more details about the datasets.
Dataset preprocessing For the BraTS and Multi-Organ datasets, each 3D
image is normalized using min-max scaling, with voxel intensities rescaled to the
range [0, 1]. For the MM-WHS dataset, we use the preprocessed images provided
by Wang et al. [44].
Baselines. ‘No adaptation’ denotes the baseline results obtained by evaluating a
segmentation model trained solely on source domain data without applying any
UDA techniques. CycleGAN [56], CyCADA [13], SIFA [6], and PSIGAN [20] are
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Fig. 5: Segmentation results of Ours-PL and other baselines. From top to bottom:
(1) BraTS dataset – Purple, orange, and yellow represent NCR, ED, and ET classes,
respectively; (2) MM-WHS dataset – Purple, pink, orange, and yellow represent LVM,
LAB, LVB, and AA classes, respectively; (3) Multi-Organ dataset – Purple, pink, or-
ange, and yellow represent Liver, R. Kidney, L. Kidney, and Spleen classes, respectively.

representative GAN-based UDA methods. ADVENT [43] enhances UDA per-
formance by introducing entropy minimization losses, while FDA [52] leverages
the Fourier Transform to reduce domain discrepancies. GenericSSL [44] uses dif-
fusion models to extract domain-invariant representations. FPL+ [47] employs
cross-domain data augmentation and dual-domain pseudo label generation to
effectively mitigate domain shift. Diff-style [37] employs a classifier-guided dif-
fusion model for image style transfer, effectively mitigating domain gaps.
Implementation details. We use a U-Net with ResNet34 as the backbone for
the segmentation task. The input images are augmented with random rotation,
random scale, and Bézier-curve-based style augmentation. For the selected UDA
method, we enhance performance by adding our generated target domain images,
paired with their corresponding segmentation conditions, into the labeled train-
ing set, while also applying Bézier adaptation as an additional augmentation
during training. Ours-AD, Ours-GS, and Ours-PL denote the integration of
our proposed generated data with ADVENT [43], GenericSSL [44], and pseudo-
labeling (details in the supplementary material), respectively.

5.1 Results

We compare our UPDiff-UDA augmented UDA methods with various baselines
on three benchmark datasets. We report Dice (Dice) as the primary metric for the
main comparisons in the paper; 95% Hausdorff distance (95HD) and additional
results are provided in the supplementary material. In the ablation study, we
report Dice and 95HD to comprehensively analyze the impact of each component.

BraTS is a challenging UDA dataset due to the variability of tumors across
different modalities. As shown in Tab. 1, our method outperforms other baselines
under the UDA setting. When T1 is the target domain, our UPDiff-UDA ap-
proach significantly augments the ADVENT method, improving the Dice score
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Fig. 6: Qualitative results for generative models. We also show the segmentation re-
sults of the tumor region. Our method (d) is much better than baselines: CDM trained
without uncertainty (e), and CycleGAN (f). In the second row, CycleGAN even hallu-
cinates the tumor at the wrong location.

Table 1: Comparison of different methods on the BraTS dataset (Dice % ↑).

Target domain T1 T1CE

Method WT TC ET Ave. WT TC ET Ave.

No Adaptation 8.30 8.81 5.34 7.48 9.96 20.35 14.57 14.96
Fully supervised 73.30 61.63 41.63 58.86 75.70 83.79 80.37 79.95

CycleGAN 7.21 5.95 3.88 5.68 12.55 23.93 12.49 16.32
CyCADA 13.00 18.25 12.08 14.44 22.26 35.71 16.79 24.92
ADVENT 54.24 49.49 32.91 45.55 40.67 48.28 34.81 41.25

FDA 32.52 36.21 22.87 30.53 39.91 53.17 35.77 42.95
SIFA 55.43 50.72 33.81 46.66 42.37 49.74 35.62 42.58

PSIGAN 47.62 40.92 25.57 38.04 21.68 32.83 17.98 24.16
GenericSSL 57.99 53.62 32.93 48.18 46.07 55.18 35.30 45.52

FPL+ 58.97 54.83 34.68 49.49 48.72 56.17 36.63 47.17
Diff-style 46.11 46.91 31.25 41.42 37.69 45.12 19.18 34.00

Ours-AD 63.53 57.71 38.69 53.31 57.99 61.77 34.38 51.38
Ours-GS 65.09 55.55 38.03 52.89 46.34 67.35 44.33 52.67
Ours-PL 60.90 56.95 38.21 52.02 62.47 67.89 44.12 58.16

by 17.0%. When adapting T2 domain images to T1CE, Ours-PL outperforms
other methods by a large margin. The generative-based baselines perform worse
on this dataset because they rely on style transfer, which struggles in tumor
regions due to the variability and sparsity of tumors.

MM-WHS serves as a strong benchmark for UDA methods due to the re-
alistic domain gap between CT and MRI scans, particularly in contrast, noise
characteristics, and anatomical appearance. Our method achieves impressive per-
formance. As shown in Tab. 2, our UPDiff-UDA approach boosts ADVENT [43]
substantially, achieving a 19.7% improvement in Dice score.

The results of Multi-Organ are shown in Tab. 3. Although ADVENT [43]
achieves subpar results on this dataset, our UPDiff-UDA pipeline significantly
improves its performance, surpassing other baselines. By combining our UPDiff-
UDA with the pseudo-labeling framework, the Ours-PL surpasses other base-
lines by a large margin. GenericSSL [44] underperforms on this dataset, while
the incorporation of our synthetic target domain images significantly improves
its performance, highlighting the effectiveness of our pipeline.
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Table 2: Comparison of different methods on the MM-WHS dataset (Dice % ↑).

Cardiac MRI → Cardiac CT Cardiac CT → Cardiac MRI

Method Dice (%) ↑ Dice (%) ↑

LVM LAB LVB AA Ave. LVM LAB LVB AA Ave.

No Adaptation 63.72 66.73 82.84 68.19 70.37 25.94 22.11 45.25 10.31 25.90
Fully supervised 88.33 89.69 94.70 83.10 88.95 90.94 94.47 92.98 96.13 93.63

CycleGAN 74.76 83.02 88.66 84.34 82.70 65.91 36.21 79.55 18.84 50.13
CyCADA 69.78 87.63 84.69 65.43 76.88 64.56 47.64 81.55 31.39 56.28
ADVENT 75.08 79.19 89.11 87.90 82.82 62.60 47.63 80.92 33.15 56.08

FDA 59.09 33.88 73.90 17.99 46.22 35.82 14.77 53.69 0.74 26.26
SIFA 65.72 78.36 81.59 71.82 74.37 51.57 67.15 78.23 66.07 65.75

PSIGAN 13.90 22.26 27.42 63.24 31.71 69.95 42.81 79.04 39.79 57.90
GenericSSL 87.95 91.88 91.02 91.06 90.48 74.16 55.07 86.13 54.55 67.48

FPL+ 75.50 81.20 86.40 78.30 80.35 59.84 54.97 79.12 44.37 59.58
Diff-style 51.71 36.92 31.83 64.77 46.31 57.30 25.89 64.69 3.12 37.75

Ours-AD 79.04 85.23 89.45 85.92 84.91 68.31 63.97 86.77 56.59 68.91
Ours-GS 86.84 92.04 92.63 89.07 90.14 63.10 70.56 86.24 61.66 70.39
Ours-PL 79.18 84.50 86.78 89.23 84.92 66.95 63.37 83.83 50.00 66.04

Table 3: Comparing on the Abdominal Multi-Organ dataset (Dice % ↑).

Abdominal MRI → Abdominal CT Abdominal CT → Abdominal MRI

Method Liver R. Kid L. Kid Spleen Avg. Liver R. Kid L. Kid Spleen Avg.

No Adaptation 9.66 70.32 61.45 17.05 39.62 22.12 57.94 59.52 56.35 48.98
Fully supervised 89.04 85.49 90.50 87.22 88.06 83.60 83.69 77.01 65.90 77.55

CycleGAN 74.09 67.88 62.03 76.24 70.06 57.15 51.62 55.38 56.59 55.18
CyCADA 63.31 69.60 72.06 74.09 69.77 53.59 60.18 60.74 58.70 58.30
ADVENT 21.18 67.98 72.19 14.95 44.08 20.77 57.94 59.52 56.35 48.64

FDA 71.55 81.27 71.02 80.06 75.97 51.16 64.20 63.90 67.96 61.81
SIFA 41.34 37.92 32.96 53.59 41.45 48.43 46.55 58.63 56.27 52.47

PSIGAN 63.53 76.94 77.09 71.01 72.14 34.20 51.65 53.99 58.79 49.66
GenericSSL 36.79 56.33 36.22 9.72 34.77 62.87 53.03 45.21 49.99 52.78

FPL+ 74.20 79.15 71.60 78.45 75.85 55.90 66.85 64.30 68.10 63.79
Diff-style 41.52 73.38 76.85 76.23 67.00 29.15 57.94 58.84 57.44 50.84

Ours-AD 81.03 84.50 75.30 88.67 82.38 54.56 67.84 69.80 75.34 66.89
Ours-GS 75.05 86.72 77.03 84.24 80.76 68.73 72.61 75.37 73.25 72.49
Ours-PL 84.89 85.74 82.33 90.47 85.86 59.02 74.83 70.78 79.44 71.02

Overall, the performance gains achieved by our UPDiff-UDA demonstrate
the effectiveness of the proposed method. Qualitative segmentation results are
presented in Fig. 5. The Qualitative synthetic results in Fig. 6 highlight the
ability of our uncertainty-guided CDM to produce high-fidelity target domain
images with accurate alignment to the conditional masks.

Table 4: Ablation study of components.

Target domain T1C

Method Dice (%) ↑ 95HD ↓

WT TC ET Average WT TC ET Average

w/o real 54.43 60.33 33.75 49.51 25.83 39.10 41.38 35.44
Mean-teacher 60.20 62.08 35.36 52.55 36.86 51.89 45.17 44.64
w/o threshold 57.30 58.13 30.54 48.66 32.42 37.81 44.37 38.20

w/o uncertainty 59.05 62.94 36.66 52.88 23.65 39.30 43.73 35.56
Ours-PL 62.47 67.89 44.12 58.16 20.89 23.07 27.84 23.93

Table 5: Ablation study of cold start.

Target domain T1C

Method Accuracy (×102) Uncertainty evaluation (×103)

Dice↑ 95HD↓ AURC↓ E-AURC↓ ECE↓ NLL↓ Brier↓

No adaptation 14.96 61.23 0.86 0.78 7.92 41.27 7.64
Histogram matching 11.98 64.72 0.78 0.65 9.61 62.36 9.78
Fourier transform 14.72 58.23 0.39 0.34 6.23 46.11 6.39
Random Bézier 41.88 34.87 0.06 0.05 2.72 13.65 3.22
Bézier adapt 48.45 30.25 0.05 0.04 2.34 11.50 2.79
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5.2 Ablation Study

In this section, we conduct extensive ablation studies to justify the effectiveness
of different components. More ablation study results about the impact of varying
hyperparameters are in the supplementary material.
Components. We conduct experiments on the BraTS 2023 dataset to validate
the effectiveness of each component of our method, with a specific focus on do-
main adaptation from T2 to T1CE and the mean-teacher-like pseudo-labeling
framework. The results are shown in Tab. 4. In “w/o uncertainty”, the CDM
is trained by pseudo-labels obtained by applying the argmax function to the
initial segmentation model output. Without our proposed training strategy, a
significant performance drop is observed in target domain segmentation. “mean-
teacher” denotes the result when the pseudo-labeling framework is applied with-
out augmentation from our high-quality target image generations. It reflects the
effectiveness of our strategy in boosting the pseudo-labeling method. “w/o real”
shows the result of the segmentation model trained with our proposed gener-
ations without real source domain images. We observe that even without the
support of real images and their ground truth, the segmentation model trained
on our labeled synthetic target images achieves respectable performance in target
domain segmentation. This demonstrates the high quality of our generation.
Number of confidence maps. We conduct an ablation study on the number
of confidence maps (k) employed for uncertainty-guided CDM training. As illus-
trated in Tab. 7, the better performance is achieved when k = 2. In practice, we
also observe that, except for Arg-Max and Arg-2nd, other predictions contain less
information (i.e., most of their confidence maps exhibit near-zero values). In the
T2→T1CE setting, we evaluate voxel-level Top-K accuracy, defined as whether
the ground-truth class is included among the K most probable predicted classes.
The Top-1/2/3/4 accuracies are 0.9783, 0.9954, 0.9987, and 1.0000, respectively.
These results indicate that the Top-2 predictions already contain sufficient useful
information, whereas the Arg-3rd and Arg-4th maps contribute only marginal
additional gains. In practice, larger values of K mainly lead to higher VRAM
usage and smaller feasible batch sizes. On two NVIDIA H100 80GB GPUs 4, the
maximum batch sizes for K = 1, K = 2, and K = 3 are 48, 24, and 16, respec-
tively. As a result, increasing K substantially slows training convergence. We
may safely drop these predictions in order to save GPU memory and maximize
our batch size, given limited computational resources.
Preliminary adaptation. In this paper, we employ Bézier adaptation to im-
prove the quality of pseudo-labels and their associated confidence maps, ensur-
ing they are sufficiently reliable to guide our strategy for training a conditional
diffusion model (CDM) capable of generating high-quality target-domain im-
ages. To validate its effectiveness, we compare Bézier adaptation with alterna-
tive approaches using metrics from two perspectives: (i) the quality of confidence
maps and (ii) the final UDA performance. For confidence map evaluation, we
4 For all other results, the diffusion model is trained on three NVIDIA RTX 8000

GPUs. The two NVIDIA H100 80GB GPUs are used only in this analysis to estimate
the feasible batch sizes for different values of K in the Top-K setting.
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Table 6: Ablation study on the impact of
different style transfer methods.

Target domain T1C

Style transfer Dice (%) ↑ 95HD ↓

WT TC ET Average WT TC ET Average

Source only 26.88 25.71 13.88 22.16 56.21 98.27 105.10 86.53
CycleGAN 41.09 42.73 25.54 36.45 34.42 51.94 59.74 48.70
CyCADA 57.25 58.15 30.89 48.76 29.15 33.90 38.92 33.99
PSIGAN 34.76 41.97 19.26 32.00 31.30 74.24 75.92 60.49

FDA 41.81 45.24 29.12 38.72 39.01 61.39 66.79 55.73
Ours-Bézier 62.47 67.89 44.12 58.16 20.89 23.07 27.84 23.93

Table 7: Ablation study on the # of con-
fidence maps used in UPDiff-UDA.

Target domain T1C

k
Dice (%) ↑ 95HD ↓

WT TC ET Average WT TC ET Average

1 59.05 62.94 36.66 52.88 23.65 39.30 43.73 35.56
2 62.47 67.89 44.12 58.16 20.89 23.07 27.84 23.93

adopt metrics from the uncertainty estimation literature. The area under the
risk-coverage curve (AURC) quantifies failure prediction, where a lower value
indicates that correctly predicted samples receive higher confidence scores, en-
abling more effective filtering. Excess-AURC (E-AURC) serves as the normalized
variant of AURC [28,34]. Calibration assesses the alignment between model con-
fidence and the true likelihood of correctness. To this end, we use expected cal-
ibration error (ECE) [35], the Brier score [3], and negative log-likelihood (NLL)
to evaluate calibration quality.

As shown in Tab. 5, compared with other style transfer baselines, our Bézier
adaptation consistently achieves better performance on both segmentation ac-
curacy and uncertainty-aware metrics. These gains indicate that Bézier adap-
tation yields more trustworthy pseudo-labels and better-calibrated confidence
maps from the initial segmenter, which directly strengthens the supervision sig-
nal for our uncertainty-guided CDM training. We further evaluate the impact
of different style transfer strategies on end-to-end UDA performance. As re-
ported in Tab. 6, Bézier adaptation again provides the strongest results among
all alternatives, highlighting its effectiveness for mitigating appearance gaps and
supporting it as a key component of our overall framework.

6 Conclusion

We propose UPDiff-UDA, a unified UDA framework for medical image segmen-
tation that enables robust target-domain conditional diffusion training under
noisy pseudo-labels. Our core contribution is an uncertainty-guided score match-
ing objective that leverages ranked softmax pseudo-label maps and pixel-wise
confidence weighting, with theoretical support from a minimum-MSE convex-
aggregation principle under a surrogate label distribution. We further introduce
a feature-guided Bézier-curve adaptation module for constrained appearance
alignment to improve pseudo-conditions and uncertainty estimates. Together,
our method delivers consistent improvements across UDA benchmarks, while
plug-and-play with existing pipelines.
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