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Abstract—Accurate multi-organ segmentation in Computed
Tomography (CT) images is critical for computer-aided diagnosis
systems. However, existing supervised methods heavily rely on
costly, high-quality labeled data. To address this, we propose
a label-efficient segmentation method for abdominal organs in
CT images, leveraging knowledge transfer from a pre-trained
diffusion model. Specifically, we pre-train a denoising diffusion
model on 207,029 unlabeled 2D CT slices to capture anatomical
patterns, which is then fine-tuned on limited labeled data for
abdominal organ segmentation. During fine-tuning, two strate-
gies—linear probing and decoder fine-tuning—are employed to
adapt the model for segmentation while preserving learned repre-
sentations. Quantitative results demonstrate that the pre-trained
diffusion model can generate diverse and realistic 256x256 CT
images (FID: 11.32, sFID: 46.93, F1-score: 73.1%). Moreover, our
method achieves competitive performance on the FLARE 2022
dataset for organ segmentation, particularly excelling in limited
labeled data scenarios. With only 10% and 1% labeled data, our
method achieves DSCs of 78.51% and 71.56% on 13 abdominal
organs, respectively. Remarkably, with only four labeled 2D slices,
our method still achieves a DSC of 51.81%, highlighting the
efficacy of our method in alleviating the reliance of supervised
learning on large-scale labeled data.

Index Terms—Medical imaging processing, Abdominal organ
segmentation, Label-efficient learning, Diffusion models, Pre-
trained models.

I. INTRODUCTION

Medical image segmentation is critical for computer-aided
diagnosis systems, such as accurate diagnosis and treatment
planning [1]. Although supervised deep learning methods have
significantly advanced this field [2], they rely heavily on large-
scale, high-quality annotations, which are costly to obtain
in clinical practice [3]. The scarcity and inconsistency of
annotations, along with cross-domain and noisy-label chal-
lenges arising from multi-center, multi-site data acquisition
and heterogeneous scanners, motivate label-efficient learning
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methods that aim to achieve accurate segmentation from
limited annotated data [4].

Self-supervised learning provides a promising solution by
exploiting abundant unlabeled data. In addition to contrastive
[5] and masked reconstruction objectives [6], recent advance-
ments in generative pre-training, through models such as Gen-
erative Adversarial Networks (GANs) and Denoising Diffusion
Probabilistic Models (DDPMs), have shown strong potential
for learning robust and transferable representations and synthe-
sizing diverse domain-specific patterns [7], [8]. However, de-
spite recent progress in diffusion-based pre-training [9]-[13],
its application to medical image segmentation, particularly in
label-efficient abdominal organ segmentation, remains largely
unexplored. This is mainly attributed to the domain gap be-
tween natural and medical images, which demands modality-
specific pre-training from scratch, and the lack of effective
transfer strategies to bridge the gap between diffusion-based
generative models and semantic segmentation tasks.

To address this gap, we propose a diffusion-based frame-
work that pre-trains a DDPM on unlabeled CT data and
transfers it to label-efficient multi-organ segmentation. Our
main contributions are: (1) pre-training a DDPM from scratch
on 207,029 unlabeled 2D CT slices, generating diverse and
realistic 256 x 256 CT images, with a Fréchet Inception
Distance (FID) of 11.32, spatial FID (sFID) of 46.93, and F1-
score of 73.1%; (2) introducing lightweight, end-to-end fine-
tuning strategies that adapt the pretrained DDPM for multi-
organ segmentation tasks, achieving competitive performance
on the MICCAI FLARE2022 benchmark; and (3) demonstrat-
ing superior performance in limited labeled data scenarios.
With 10% and 1% labeled data, our method achieves DSCs
of 78.51% and 71.56%, respectively, outperforming state-of-
the-art methods. Remarkably, with only four labeled CT slices,
the model still generates anatomically consistent segmentation
masks, achieving a DSC of 51.81%.
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II. RELATED WORK

A. Pre-training Generative Models for Semantic Segmentation

Generative models synthesize data by learning the under-
lying distributions of unlabeled samples. GANs [14] have
dominated image synthesis for the past decade, enabling di-
verse computer vision applications. Recently, diffusion models
have emerged as a powerful alternative, surpassing GANs in
stability and quality [15]-[18]. The potential of generative pre-
training for segmentation was first explored in GAN-based
models [11]-[13], which exploit latent representations to gen-
erate pseudo labels and capture joint image—label distributions.
This motivates exploring whether diffusion-based pre-training
can similarly benefit segmentation. Recent studies confirmly
demonstrated that diffusion pre-training transfers effectively
to both natural [8]-[10] and medical images [19], [20], often
outperforming GAN-based approaches.

Diffusion-based segmentation methods can be grouped into
three paradigms. (1) Representation projection: using classi-
fiers (SVMs or MLPs) to map pre-trained diffusion features to
segmentation masks [8], [12], [13], though they require task-
specific hyper-parameters tuning. (2) Conditional generation:
integrating segmentation priors into the DDPM sampling chain
[10], [19], but inference is slow due to iterative denoising. (3)
Self-supervised fine-tuning: pre-training via DDPM followed
by aligning with post-fine-tuning practice yet limited by the
lack of modality-specific checkpoints for medical imaging [9].

B. Label-efficient Organ Segmentation in Medical Imaging

Deep supervised learning has revolutionized medical image
segmentation, led by FCNs [21] and U-Net [22], inspiring
variants [23]-[27] tailored to anatomical or modality-specific
constraints. However, manual annotations remain costly and
expertise-intensive [3], motivating label-efficient solutions [4].

DDPM-based pre-training contributes to label-efficient seg-
mentation through two complementary aspects. First, the de-
noising process serves as generative pre-training, analogous
to contrastive [5], [28] or masked reconstruction learning
[6], where noise prediction implicitly encodes semantic struc-
ture [8]. Second, the generative capacity of DDPMs enables
synthetic data augmentation for semi-supervised frameworks
such as teacher—student [29], self-training [30], and pseudo-
label refinement [31], facilitating efficient segmentation under
limited annotations.

III. METHODS

As shown in Fig. 1, our framework is divided into
two stages: (A) the upstream DDPM pre-training and (B)
the downstream multi-organ segmentation stage. In the pre-
training stage, a U-Net is trained to predict the added noise
from augmented images based on a denoising diffusion objec-
tive. In the segmentation stage, the same U-Net architecture
with shared parameters is fine-tuned using annotated CT
images for multi-organ segmentation tasks.
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A. Pre-training Models with DDPM

1) Diffusion Model: DDPM consists of two key compo-
nents: the forward diffusion process and the reverse sampling
process. In the diffusion process, a Markov chain progressively
adds Gaussian noise to input images xg. In contrast, the sam-
pling process gradually reconstructs the images by denoising
from an initial random Gaussian noise. DDPM aims to learn
a data distribution py(xp) that approximates the given data
distribution ¢ (x¢) by reversing the noising process.

The forward process is defined as:

q(x¢ | x¢1) =N (Xt; v1- thtfhﬁtl) e8]

For a fixed variance schedule (31, ..., (3, this Markov pro-
cess enables direct sampling of noisy images x; at arbitrary
time steps directly from input images x( using the following
closed-form expression:

q(x¢ | x0) := N (%45 vVauxo, (1 — ) I)

where a; :=1— B4, := Hi:l 0.

The reverse process starts from Gaussian noise Xp ~
N(0,1) and iteratively predicts noisy samples x;_; using a
learned model:

2

Po (X1 | x¢) = N (xe—1; g (x4, 1), B (x4, 8))  (B)
1
b (x.8) = = <xt - <xt,t>> @)

Here, €y(x¢,t) is a noise predictor network implemented
using a U-Net architecture in this work.

2) Network Architecture: We use a modified U-Net for
both diffusion and segmentation, termed as the predictor and
segmentor U-Net. Two backbones are evaluated: U-Net-B
and U-Net-L, with ResBlock widths of 128 and 256. For
segmentation, the segmentor U-Net adds a lightweight head,
yielding three variants: U-Net-B/h128, U-Net-B/h256, and U-
Net-L/h256, where ”/h” denotes the hidden width in the head.

B. Transferring to Multi-organ Segmentation Tasks

1) Transfer Strategy: As shown in Fig. 1B, the segmentor
U-Net is initialized from the best-performing predictor U-
Net checkpoints (250k for U-Net-B, 300k for U-Net-L). The
diffusion timestep ¢ is treated as a tunable hyper-parameter in-
fluencing ResBlock initialization. The output layer is replaced
by a classification head with convolutional and normalization
layers trained from scratch. The network is then fine-tuned on
labeled segmentation tasks.

2) Fine-tuning strategies: We evaluate three fine-tuning
strategies (Fig. 2): linear probing (LP), decoder fine-tuning
(FT-dec), and training from scratch (FS). LP freezes the
pretrained backbone and updates only a linear classifier. FT-
dec unfreezes the decoder blocks for better adaptation while
keeping the encoder fixed. FS trains the segmentor U-Net from
random initialization, serving as a baseline to evaluate the
benefits of DDPM pre-training.
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Fig. 1. The proposed framework includes (A) the upstream DDPM pre-training and (B) the downstream multi-organ segmentation.
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Fig. 2. Fine-tuning strategies for downstream multi-organ segmentation.

1V. EXPERIMENTS AND RESULTS
A. Dataset and Implementation Details

Dataset. Experiments are conducted on the MICCAI
FLARE2?2 dataset containing 2,000 unlabeled and 50 labeled
abdominal CT scans across 13 organs.1 The first 1,000 un-
labeled scans (207,029 2D slices) are used for DDPM pre-
training, while the 50 labeled scans are split 4:1 for fine-tuning
(3,879 training and 915 test slices).

Preprocessing. All scans are resampled to a unified voxel
spacing, with intensities clipped to the 0.5-99.5 percentile,
normalized to [—1,1]. Each 3D scan is decomposed into
transverse 2D slices resized to 256 x 256 (bilinear for images,
nearest-neighbor for labels). The horizontal flipping is applied
in DDPM pre-training.

Experiment Settings. The model is implemented in Py-
Torch and trained on NVIDIA A100 GPUs. DDPM pre-
training uses Gaussian noise with a cosine variance sched-
ule over 1,000 steps (51=0.0001, 57=0.02), optimized via
Adam for 300k iterations with EMA (momentum 0.9999)

Thttps://flare22.grand-challenge.org/

3706

and a decaying learning rate from 2x10~* to 2x107°. For
segmentation, we use a weighted sum of cross-entropy and
smoothed Dice loss (w=0.5, e=10"°). All fine-tuning strate-
gies use Adam with weight decay 10~2 for the head and
10~% elsewhere; the head learning rate is 10x higher than
the backbone. Training runs for 30k iterations in the fully
supervised and 10k in the label-efficient setting.

Evaluation Metrics. For generative tasks, the DDPM-
generated CT images are evaluated by FID [32], sFID [33],
precision, recall, and Fl-score [34], computed against 2D
slices from 2000 real unlabeled FLARE22 scans. For seg-
mentation tasks, segmentation results are evaluated by Dice
similarity coefficient (DSC) and Jaccard index (JI), computed
against segmentation labels.

B. CT Image Synthesis Performance

We evaluate the quality of synthetic CT images generated
from U-Net-B and U-Net-L models, both trained for 300k
iterations and evaluated every 50k iterations. As shown in
Table I, U-Net-B achieves better overall performance than U-
Net-L in the generative task, suggesting that increasing model
size does not necessarily improve generation quality. The
smaller model converges earlier, reaching stable performance
after 150k iterations and the best results at 250k iterations,
while U-Net-L requires more training to reach stable per-
formance with its best results at 300k iterations. Although
some metrics are slightly lower, the overall quality remains
competitive. Representative images generated by U-Net-B at
250k iterations are shown in Fig. 3, which exhibits realistic
anatomic structures and plausible intensity distributions of
abdominal organs.
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TABLE I
EVALUATION ON GENERATED CT IMAGES OF A RESOLUTION OF 256 X 256.

50k 100k 15k 200k 250k 300k
FID 314092 163188  12.0206  11.5218 11.3162  12.0449
sFID 725776 56.0745 488117 47.5353  46.9282  47.4179
U-Net-B  Precision 0.489 0.6755 0.758 0.7995 0.796 0.803
Recall 0.4035 0.5635 0.585 0.63 0.676 0.659
Fl-score 0.4422 0.6144 0.6604 0.7047 0. 7311 0.7239
FID 38.8874 385144 244172 13.4527 13479  12.2408
sFID 83.7842  85.2128  63.9002  52.5795 53.1192  50.3049
U-Net-L  Precision ~ 0.3765 0.434 0.5985 0.7135 0.736 0.724
Recall 0.319 0.535 0.588 0.599 0.595 0.642
Fl-score 0.3454 0.4792 0.5932 0.6513 0.658 0.6805
TABLE 11

QUANTITATIVE RESULTS WITH DIFFERENT FINE-TUNING STRATEGIES (LP:
LINEAR PROBING, FT-DEC: DECODER FINE-TUNING, FS: FROM SCRATCH).

Dice Coef.(%)

Jaccard Index (%)

Strategy ~ Step
B/h128  B/h256  L/h256  B/h128  B/h256  L/h256
FS - 80.59 79.41 83.83 74.72 73.78 77.16
100 26.86 26.29 10.63 20.24 19.86 7.81
200 28.85 20.41 13.84 22.19 13.9 10.78
LP 300 18.72 2245 17.98 13.76 16.4 13.61
400 28.23 23.72 17.98 22.34 17.93 13.61
0 86.91 85.21 79.76 80.38 78.66 74.17
100 77.98 79.29 78.32 72.13 73.31 72.43
200 77.15 77.29 78.71 71.22 71.21 72.71
300 83.73 76.5 83.84 76.92 70.55 76.87
400 76.94 81.28 78.86 70.54 74.04 72.8
FT-dec 500 81.54 76.71 77.01 74.42 70.33 70.68
600 80.25 73.87 77.8 72.65 67.3 71.78
700 72.48 73.03 76.3 65.69 66.08 69.83
800 68.95 68.98 74.44 61.79 61.9 67.86
900 63.94 64.18 74.71 57.86 57.73 67.92
1000  64.47 69.31 74.64 58.07 62.48 67.65

Fig. 3. Samples generated by DDPM in lung view(W:1400, L:-500, left) and
abdominal view (W:350, L:40, right).

C. Ablation Experiments for Multi-organ Segmentation

We conducted ablation studies on the FLARE22 dataset
to evaluate the effects of model scale, fine-tuning strategy,
and initial diffusion step, as summarized in Table II. The
FS strategy achieves stable segmentation with all variants
exceeding 70% DSC, indicating that the shared U-Net back-
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bone remains effective after removing diffusion-specific com-
ponents. In contrast, the LP strategy performs poorly across all
scales, with most configurations failing to converge, suggesting
that representations learned from DDPM pre-training are not
directly transferable without sufficient adaptation. In contrast,
introducing the FT-dec strategy yields notable improvements,
especially for U-Net-B/h128, which surpasses FS by 6.3%
DSC and 5.5% JI. Among all settings, the best results are
achieved when initializing at diffusion step 0, suggesting that
early-stage diffusion features provide the most beneficial pre-
training knowledge for abdominal organ segmentation.

D. Multi-organ Segmentation Performance on FLARE Dataset

1) Baseline Methods: We evaluate advanced baseline meth-
ods for multi-organ segmentation under two experimental
settings: fully supervised and label-efficient.

In the fully supervised setting, we compare our method
with DeepLabV3+ [35], U-Net [22] and its variants (ResU-
Net [23], U-Net++ [24], Attention U-Net [25], UNETR [26],
Swin UNETR [27]), as well as nnU-Net [36] and diffusion-
based DDPM-Seg [8]. For fair comparison, we use the official
or standard implementations: DeepLabV3+, ResU-Net, and
U-Net++ are initialized with ImageNet pre-trained weights?,
while Attention U-Net, UNETR, and Swin UNETR are im-
plemented in the MONAI framework.?

In the label-efficient setting, we evaluate performance using
10% (388 slices), 1% (39 slices), and 0.1% (4 slices) of labeled
data. Subsets for 1% and 10% are randomly sampled, while
0.1% is manually curated to ensure coverage of all organ
categories. DDPM-Seg is reproduced using the same settings
as the original paper but evaluated only under 0.1% and 1%
due to its high memory demand (>210 GB RAM for 10%).
nnU-Net is evaluated under 1% and 10% settings but not 0.1%
due to its requirement for full 3D scans in training.

2) Results on Fully Supervised and Label-efficient Settings:
Table III summarizes the results under both fully supervised
(100%) and label-efficient settings. In the fully supervised
setting, ImageNet-pretrained models (DeepLabV3+, ResU-
Net, U-Net++) and transformer-based architectures (Attention
U-Net, UNETR, Swin UNETR) perform suboptimally on CT
segmentation, with DSCs below 80%, suggesting the domain
gap between natural and medical images. Among our variants,
FT-dec consistently outperforms FS and LP, confirming the
effectiveness of DDPM-based generative pre-training, though
nnU-Net remains slightly stronger when trained with 100%
labeled data.

In contrast, our FT-dec strategy shows clear superiority as
labeled data decreases. With 10% and 1% labeled data, it
achieves DSCs of 78.51% and 71.56%, exceeding nnU-Net
by over 5% and DDPM-Seg/c256 by over 10%. Under the
extreme 0.1% setting (four labeled slices), most supervised
baselines fail to exceed 30% DSC, while our model maintains
51.81% DSC and 44.79% J1, outperforming the only compa-
rable method, DDPM-Seg, by 6—8% in DSC and JI metrics.

Zhttps://github.com/qubvel/segmentation_models.pytorch
3https://github.com/Project- MONAI/MONAI
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TABLE III
COMPARISON OF PERFORMANCE UNDER DIFFERENT DATA RATIOS (BRACKETS SHOW GAPS VS. FULL DATA).

DSC (%) JI (%)
Method ~0.1% % T0% T00%  ~0.1% 1% 10% T00%
DeepLabV3+ 20.74 (-47.01) 41.78 (-25.97)  58.71 (-9.04) 67.75 15.13 (-43.06)  34.84 (-23.35) 50.52 (-7.67) 58.19
ResU-Net 21.00 (-56.22)  41.29 (-35.93) 71.62 (-5.6) 7722 16.06 (-53.24) 3599 (-33.31)  63.47 (-5.83) 69.30
U-Net++ 15.13 (-50.15)  34.22 (-31.06) 64.99 (-0.29) 65.28  11.45 (-45.86) 29.28 (-28.03)  56.58 (-0.73) 57.31
Attention U-Net 28.81 (—48.26)  50.70 (-26.37)  71.78 (-5.29) 77.07 21.93 (46.71) 4274 (-25.9) 63.16 (-5.48) 68.64
UNETR 13.87 (-50.85)  33.41 (-31.31) 54.91 (-9.81) 64.72 9.55 (-45.07) 26.31 (-9.47) 45.15 (-9.47) 54.62
Swin UNETR 28.21 (-45.65) 49.57 (-24.29) 70.19 (-3.67) 73.86 21.88 (—42.95) 42.06 (-22.77) 61.43 (-3.40) 64.83
nnU-Net — 58.69 (-28.70) 73.43 (-13.96) 87.39 - 52.03 (-29.69) 66.75 (-14.97) 81.72
DDPM-Seg/c128 44.54 59.27 - - 36.59 51.13 - -
DDPM-Seg/c256 43.39 60.78 - - 35.73 52.65 - -
B/h128 FS (ours) 28.34 (-52.25) 60.07 (=20.52) 69.92 (-10.67)  80.59  23.27 (-51.45) 52.24 (-22.48) 64.26 (-10.46) 74.72
B/h256 FS (ours) 24.68 (-54.73)  58.10 (=21.31)  68.23 (-11.18)  79.41 19.82 (-53.96) 50.94 (-22.84) 62.51 (-11.27) 73.78
L/h256 FS (ours) 28.92 (-5491) 5471 (-29.12)  70.46 (-13.37) 83.83 24.01 (-53.15) 47.64 (-29.52) 64.97 (-12.19) 77.16
B/h128 FT-dec (ours) 51.81 (-35.10) 71.56 (-15.35) 78.51 (-8.4) 86.91 44.79 (-35.59) 64.21 (-16.17) 72.43 (-7.95) 80.38
B/h256 FT-dec (ours) 51.17 (-34.04) 70.25 (-14.96) 76.52 (-8.69)* 85.21 44.61 (-34.05) 63.31 (-15.35) 69.86 (-8.80) 78.66
L/h256 FT-dec (ours) 50.35 (-33.49)  69.07 (-14.77)  77.33 (-6.51) 83.84 4322 (-33.65) 6193 (-14.94) 71.23 (-5.64) 76.87
TABLE IV
ORGAN-LEVEL DSC SCORES UNDER DIFFERENT LABELED DATA RATIOS (RK: RIGHT KIDNEY, IVC: INFERIOR VENA CAVA, RAG: RIGHT ADRENAL
GLAND, LAG: LEFT ADRENAL GLAND, AND LK: LEFT KIDNEY). ”—” DENOTES THE DSC SCORE IS LESS THAN 1%.
Ratio Methods Liver ~RK Spleen  Pancreas  Aorta IVC RAG LAG  Gallbladder = Esophagus  Stomach  Duodenum LK
nnU-Net 90.02 8792 91.77 43.63 94.05 8278 62.68 60.2 51.37 76.09 69.93 55.33 88.8
10% B/h128 FS (ours) 9228 9452 9331 60.65 9442 87.06 - - 71.17 82.03 77.65 62.03 93.89
B/h128 FT-dec (ours) 95.05 95.5 94.73 73.95 94.53 89.03 - 7229  76.86 83.57 85.88 64.92 94.31
DDPM-Seg/c128 92.11 87.14 8797 34.27 8324 70.77 19.58 6.66 46.82 55.01 71.31 26.41 89.17
DDPM-Seg/c256 9276 8596  88.9 35.97 87.8 7234 1045 2342 3882 57.83 75.15 30.0 90.76
1% nnU-Net 8291 84.01 82.23 31.02 82.56 7134 38.03 33.09 13.06 61.49 65.18 35.63 82.4
B/h128 FS (ours) 88.78 85.17 83.76 30.56 87.69 7194 377 3933  53.6 43.31 53.18 18.3 87.55
B/h128 FT-dec (ours) 94.14 93.69 89.33 41.67 934 83.2 55.56 5323 66.77 63.68 72.18 30.18 93.14
DDPM-Seg/c128 8585 7821 75.37 22.95 76.6 59.51 - - 20.46 5.96 44.98 36.98 72.21
~0.1% DDPM-Seg/c256 8531 7852 78.16 26.65 7547 5501 - - 21.37 9.7 27.65 31.49 74.79
’ B/h128 FS (ours) 66.61 5451 50.26 5.79 55.04 3546 - - 21.54 - 471 9.61 64.11
B/h128 FT-dec (ours) 90.29 89.34  79.46 37.27 86.32 6225 - 3.61 56.26 13.95 38.02 28.49 87.23
Ground Truth Ours (1%) DDPM-Seg (1%) nnU-Net (1%) .
Pancreas Liver
, o a e o Q o Gallbladder e
2y .4 <y
Aorta RK
. I
Esophagus RAG
QOurs (10%) nnU-Net (10%) Ours (0.1%) DDPM-Seg (0.1%)
- Stomach Spleen
o Q o o e Duodenum . LAG
LK

Fig. 4. Visualization of segmentation performance with different fine-tuning strategies across labeled data ratios.

We compare FT-dec with its FS counterpart, which shares
the same architecture without DDPM pre-training. This variant
exhibits degradation similar to supervised baselines, suggest-
ing that improvements stem from generative pre-training rather
than architectural superiority. Organ-level evaluation (Table
IV) further shows that these improvements extend to most
abdominal organs rather than only larger structures. Additional
segmentation visualizations are provided in Fig. 4 to demon-
strate that our framework maintains competitive accuracy and
anatomical consistency even in extremely low-data regimes.
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V. DISCUSSION AND CONCLUSION

Our study presents a DDPM-pretrained framework for
label-efficient abdominal organ segmentation. By leverag-
ing diffusion-based generative pre-training, the model learns
anatomical priors from unlabeled CT data and effectively
transfers them to downstream segmentation tasks. This bridges
generative diffusion modeling with semantic segmentation,
enabling high performance in label-scarce settings without ad-
ditional inference cost. Experiments on the FLARE22 dataset
verify that the proposed FT-dec strategy achieves superior
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results compared to fully supervised methods, underscoring the
potential of diffusion pre-training for scalable and annotation-
efficient medical image analysis.

Despite these advantages, several limitations remain. The
LP strategy underperforms from limited use of intermediate
features, and future work may explore multi-layer integration
for richer hierarchical semantics. Second, extending diffusion
pre-training to higher-resolution or 3D volumetric CT data
is still challenging. Finally, while the diffusion step strongly
impacts performance, its underlying mechanism in learning
transferable representations remains to be fully explored.
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