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1s. Datasets
To evaluate our proposed model, we conduct experiments
on three public datasets for medical image segmenta-
tion. These datasets cover different imaging modalities and
anatomical structures, allowing for a thorough assessment
of our method’s performance and generalizability.

ISIC 2017 Skin Lesion Dataset: The ISIC 2017 dataset
[4] is a large-scale benchmark for the analysis of skin le-
sions from dermoscopic images. It is designed for the task
of binary skin lesion segmentation, which is a critical step
towards automated melanoma detection. The dataset is of-
ficially divided into a training set of 2,000 images, a valida-
tion set of 150 images, and a testing set of 600 images.

ACDC Cardiac Dataset: The Automated Cardiac Diag-
nosis Challenge (ACDC) dataset [1] contains MRI scans for
cardiac segmentation. The dataset includes exams from 100
patients, with a series of short-axis slices covering the heart
from base to apex. The task is to segment three key car-
diac structures: the Right Ventricle (RV), the Left Ventricle
(LV), and the Myocardium (Myo). Following the common
experimental setup [2], we split the dataset into 70 cases
(1,930 axial slices) for training, 10 cases for validation, and
20 cases for testing.

Synapse Multi-organ Dataset: The Synapse dataset [2]
is a benchmark for abdominal organ segmentation. It con-
sists of 30 abdominal CT scans. Each CT volume contains
between 85 and 198 slices. The dataset is annotated for 8
abdominal organs: Aorta (AT), Gallbladder (GB), Spleen
(SP), Left Kidney (LK), Right Kidney (RK), Liver (LR),
Pancreas (PC), and Stomach (SM). Following the standard
protocol established by [2], we use 18 scans (2,212 axial
slices) for training and the remaining 12 scans for testing.

2s. Implementation Details
Our framework is built upon a 4-level conditional U-Net
that serves as the denoising network, conditioned on both
sinusoidal timestep embeddings and contextual features ex-
tracted from a pretrained VGG16 backbone [11]. We set the

Table 1s. Ablation study results on the ISIC 2017 dataset, com-
paring our D3PM approach against a standard U-Net. Both mod-
els were trained under the same conditions, using a single positive
pixel and a heavily-weighted Focal Loss.

Dice Score (%)
U-NetFL 6.81

Proposed (Ours) 75.37

total number of diffusion timesteps to T=200, with a linear
noise schedule where βt increases from 10−4 to 0.02. The
model is trained for 50 epochs using the AdamW optimizer
with a fixed learning rate of 10−4 and a batch size of 8. To
address the extreme class imbalance, we employ a heavily-
weighted Focal Loss objective with a focusing parameter
γ = 2.0 and a foreground balancing weight of α = 0.999.
For supervision, the ground-truth map x0 is constructed us-
ing a single, randomly (discrete uniform distribution) sam-
pled pixel annotation per foreground class from the full seg-
mentation masks. All conditioning images are resized to
224 × 224 pixels, and we apply random horizontal flip-
ping for data augmentation. During inference, we gener-
ate N = 100 point cloud samples for each input image by
starting with different random initial noise maps. The en-
tire framework is implemented in PyTorch and trained on a
single NVIDIA A100 GPU.

3s. Ablation on the Generative Framework
To demonstrate the critical role of the Discrete Denoising
Diffusion Model (D3PM) framework in our proposed ap-
proach, we conducted a crucial ablation study. The goal of
this experiment was to isolate the contribution of our gener-
ative modeling paradigm from that of the heavily-weighted
Focal Loss. To achieve this, we replaced our D3PM with
a standard U-Net architecture while keeping the training
conditions identical. This involved providing supervision
from a single positive pixel per object and using the same
heavily-weighted Focal Loss objective. The results are pre-
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sented in Table 1s. The standard U-Net trained with Focal
Loss (U-NetFL) achieves a Dice score of only 6.81%. This
extremely poor performance indicates an almost complete
model collapse. Despite the heavy weighting on the fore-
ground class, the deterministic nature of the U-Net strug-
gled to propagate information from a single supervisory
point. The model was compelled to learn a trivial solution
where it predicted the background class for nearly every
pixel because the training objective was dominated by the
overwhelming number of background pixels. In compar-
ison, our proposed D3PM-based method achieves a Dice
score of 75.37%. This significant difference in performance
highlights that the success of our method is not solely at-
tributable to the choice of loss function. Instead, it is the
fundamental reframing of segmentation as a conditional
generative task that prevents collapse. The stochastic nature
of the diffusion process, combined with the Focal Loss, en-
courages the model to learn a distribution of plausible fore-
ground locations, manifesting as an emergent point cloud.
This learned geometric prior is far more robust than the
direct, deterministic prediction attempted by the standard
U-Net. This experiment demonstrates that the generative
and stochastic properties of our D3PM framework are es-
sential for learning meaningful representations from such
extremely sparse supervision.

4s. Ablation on the Number of Inference Sam-
ples (N )

Our proposed inference strategy (Sec 3.3 in the main pa-
per) relies on aggregating N stochastically generated point
cloud samples to form the final dense segmentation mask.
The choice of N presents a trade-off between segmentation
accuracy and computational cost, as a higher N requires
more forward passes of the learned reverse diffusion pro-
cess, leading to longer inference times.

The results, presented in Figure 1s shows that for very
low values of N , the resulting segmentation quality is poor.
This is because the aggregation of only a few samples re-
sults in poor spatial coverage of the target object. Conse-
quently, the final mask generated via the majority vote is
fragmented and incomplete. As the number of aggregated
samples increases, the Dice score rises steeply. This rapid
improvement demonstrates the effectiveness of our aggre-
gation strategy, where the consensus from multiple samples
successfully fills in these gaps and converges toward a more
complete and accurate segmentation.

However, the plot also reveals a distinct point of dimin-
ishing returns. Beyond a certain number of samples, the
performance curve begins to plateau, with further increases
in N yielding only marginal gains in segmentation accu-
racy. This observation indicates that a sufficient number of
samples have been aggregated to form a consensus mask.
Given this trade-off, we selected a value for N = 100, as
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Figure 1s. Performance against the number of inference samples
(N ) on the ISIC 2017 dataset.

Figure 2s. Qualitative comparison for adversarial patch detection
on the AID dataset.

it achieves near-maximal performance without incurring the
unnecessary computational overhead of aggregating a much
larger set of samples. This choice ensures an effective bal-
ance between accuracy and inference efficiency for all our
experiments.

5s. Application to Other Domains
To demonstrate the generalizability and robustness of our
proposed framework beyond the scope of medical image
segmentation, we evaluate its performance on an entirely
different task. For this we used adversarial patch detection.
This supplementary experiment is included to illustrate the
broad applicability of our single-pixel supervision strategy
in other visual domains.

In this application, the objective is to densely segment
adversarial patches placed within images. Similar to med-
ical lesions or organs, defining the exact dense boundaries
of these patches is a time-consuming annotation process.
Furthermore, selecting representative ”background” (clean)
pixels can be ambiguous depending on the complexity of
the underlying scene. We tackle this by applying our pro-
posed generative framework, providing only a single posi-
tive point annotation (1 click) per adversarial patch.

We compare our proposed approach against the standard
U-NetPCE baseline. As established in our main methodol-



Table 2s. Full quantitative results on the ISIC 2017
dataset, corresponding to Table 1 in the main paper. We
report Dice Score (%) as mean ± std.

Methods Dice Score
(%)

Full Supervision 80.73±0.14

U-NetPCE [7] 71.79±0.72

AIL [3] 68.60±0.41

S2L [5] 69.65±0.71

ScribbleVC [6] 69.87±1.51

USTM [8] 70.60±0.52

U-NetPCE+CRF [13] 72.26±1.54

Proposed
Method

75.03±0.54

Table 3s. Full quantitative results on the ACDC dataset, corresponding to
Table 2 in the main paper. We report Dice Score (%) as mean ± std.

Method RV Myo LV Average
Dice (%)

Full Supervision 89.53±0.48 87.14±0.32 93.36±0.67 90.01±0.49

U-NetPCE [7] 62.78±3.23 70.56±1.61 89.60±0.90 74.31±1.88

AIL [3] 33.81±4.31 32.03±2.93 42.05±4.15 35.96±0.99

ScribbleVC [6] 46.42±2.70 44.26±5.97 62.82±6.23 51.16±4.96

U-NetPCE+CRF [13] 49.02±0.46 67.12±9.27 88.48±2.63 68.20±3.90

S2L [5] 63.35±1.52 70.27±2.41 88.52±1.49 74.05±0.87

USTM [8] 62.51±4.15 72.61±2.92 89.20±1.98 74.77±3.00

Proposed
Method

70.27±1.08 72.64±0.77 87.74±0.54 76.88±0.73

Table 4s. Full quantitative results on the Synapse Multi-organ dataset, corresponding to Table 3 in the main paper. We report Dice Score
(%) as mean ± std.

Method SP RK LK GB PC LR SM AT Average
Dice (%)

Full Supervision 84.42±0.41 85.08±0.36 80.04±0.54 48.71±1.10 50.50±2.59 86.39±0.45 69.18±0.57 86.19±1.19 73.81±0.21

U-NetPCE [7] 57.67±6.24 54.53±2.64 51.97±2.05 29.61±6.52 28.98±1.53 68.64±1.70 46.42±4.45 42.76±4.15 47.57±1.31

AIL [3] 41.08±1.41 34.11±3.10 27.05±0.86 17.91±3.81 24.65±0.87 60.67±0.86 39.43±2.40 16.39±4.21 32.66±1.99

ScribbleVC [6] 54.82±5.83 59.51±0.65 52.53±4.68 31.22±0.90 29.90±1.78 67.43±2.27 42.59±0.58 36.47±5.87 46.81±0.28

S2L [5] 57.87±1.32 60.49±2.93 51.36±6.67 23.69±5.37 26.79±0.33 69.39±0.44 45.54±0.58 39.85±1.15 46.87±0.16

USTM [8] 60.09±1.05 59.98±4.88 51.75±5.03 33.66±0.91 27.24±0.16 68.75±1.25 46.44±1.06 37.92±1.11 48.23±0.18

U-NetPCE+CRF [13] 71.43±0.46 52.06±2.09 56.63±0.60 20.86±9.40 29.06±6.92 73.64±1.54 45.39±2.93 43.12±3.34 49.03±3.32

Proposed
Method

65.50±1.31 70.82±1.09 70.63±1.55 31.17±0.82 29.47±0.46 74.10±1.72 46.71±0.88 60.77±1.62 56.15±1.03

Table 5s. Quantitative results on adversarial patch detection.

Method Supervised Method User Clicks Dice (%) IoU (%)
U-NetPCE 1 Pos + 1 Neg 2 78.51 64.35
Proposed 1 Pos 1 91.86 84.95

ogy, the U-NetPCE requires at least one positive and one
negative point (2 user clicks) to prevent total model col-
lapse. Specifically, for evaluation, we utilized the AID
dataset [14] and simulated patch attacks using randomly
placed Gaussian patches.

The quantitative results are presented in Table 5s. Our
proposed method achieves an impressive Dice score of
91.86% and an Intersection over Union (IoU) [9] of
84.95%. This marks a substantial improvement of 13.35%
in Dice and 20.60% in IoU over the U-NetPCE baseline, de-
spite our method requiring half the annotation effort. Fur-
thermore, the baseline reaches only a 78.51% Dice score
even with access to both foreground and background super-
visory signals. Qualitative results for the adversarial patch
detection task are presented in Figure 2s, illustrating our
method’s superior ability to capture sharp geometric bound-
aries compared to the baseline approach.

These results confirm that the generative prior learned
by our heavily-weighted Focal Loss and stochastic sam-
ple aggregation is not restricted to medical modalities. Our
method successfully captures the distinct geometry and dis-
tribution of adversarial patches from an extremely local-
ized signal, outperforming traditional partial cross-entropy
methods while significantly reducing the human-in-the-
loop requirement for robust defense.

6s. Limitations & Future Works

The primary limitation of our method is its inference speed,
which stems from the iterative nature of the reverse dif-
fusion process and our strategy of generating N samples
per image for aggregation. This was a deliberate trade-
off, prioritizing maximal accuracy under extreme weak su-
pervision over inference latency. However, this presents
a clear avenue for future work. The inference time can
be substantially reduced by incorporating faster sampling
techniques, such as Denoising Diffusion Implicit Models
(DDIMs) [12], or by adapting our framework to operate
in a compressed latent space via Latent Diffusion Models
(LDMs) [10]. Investigating these acceleration strategies is
a promising direction to enhance the clinical applicability of



our approach without sacrificing the generative power that
underpins its accuracy.
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