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} ABSTRACT The process of acquiring pixel and voxel level annotations is a bottleneck when it comes
to medical image segmentation as it is extremely expensive. Furthermore, it requires expert diagnosis to
manually delineate anatomical structures across three-dimensional volumes. Although traditional neural
network architectures like U-net are affective, they operate as black boxes that learn local texture patterns.
These models lack awareness of global anatomical structures. This leads to potential catastrophic failures
in boundary delineation and poor generalization when quantity of labeled data is limited. This study
proposes utilizing unsupervised Denoising Diffusion Probabilistic Models (DDPMs) to extract anatomical
features. The proposed framework trains a DDPM on 21 unlabeled abdominal CT scans to learn structural
representations through the iterative denoising process, which later transfers the learned encoder weights to
perform a down-stream segmentation task. The framework is evaluated using data from the BTCV multi-
organ dataset. Diffusion pretraining significantly improved liver segmentation where Dice increased from
0.7540.36 to 0.934+0.16 (p < 5.33x1072%, with 0.529 Cohen’s d), reduced 95th-percentile Hausdorff
Distance (HD95) by 45% (11.76 to 6.50 mm), and decreased Average Surface Distance (ASD) by 66% (4.38
to 1.51 mm). For kidney segmentation, Dice improved from 0.904-0.19 t0 0.954-0.10 (p < 4.01x 10!, with
0.271 Cohen’s d), with 37% HD95 reduction. Multi-organ pooled performance showed the most dramatic
improvement, where Dice increased from 0.78+0.23 to 0.95+0.07, and representing a 68% reduction in
variance with 74% improvement in boundary precision. Furthermore, frozen encoder models achieved >80%
of fine-tuned performance without seeing any segmentation labels, demonstrating the existence of learned
anatomical priors. In low-data regimes, diffusion-pretrained models maintained robust performance with
only 50% (Dice: 0.92 liver, 0.94 kidney), 25% (Dice: 0.90 liver, 0.81 kidney), and even 10% of labeled data
(Dice: 0.89 liver, 0.71 kidney), substantially outperforming random initialization baselines. Using unlabeled
images for diffusion-based pretraining helps embed robust, interpretable anatomical features into encoder
network prior to any human supervision. The performance retention when compared to low-data scenarios,
and the graceful degradation even with only 10% of labelled data confirms that the learned representations
greatly improve segmentation accuracy, boundary precisions and model robustness. The diffusion pretraining
effectively helps transform U-Nets from texture matching networks to anatomy aware systems.
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I. INTRODUCTION and pathologies are required, which in turn creates a severe
bottleneck [1]. Unlike image classification where labels can
be crowd-sourced, medical segmentation required trained ra-
diologists to manually trace out and segment organ bound-

ODERN medical artificial intelligence relies heavily
on expert annotated datasets. For medical image seg-
mentation, pixel level segmentation of anatomical structures
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aries across three dimensional volumes, one slice at a time.
A single CT scan containing anywhere between 100 to 300
slices may require an expert radiologist 30 to 60 minutes of
annotation time, with costs often exceeding 100 dollars per
volume [1]-[3].

Inter labeler variability introduces additional challenges,
previous studies have shown that even expert radiologists
disagree on precise boundary delineation [4], [5], particularly
for organs with diffused edges like liver. This variability in
turn propagates into the training data, resulting in inconsistent
signals that limit model performance and reliability [6], [7]. In
aresource constrained clinical setting, or for rare pathologies,
obtaining sufficient annotated data becomes practically infea-
sible, such scenarios are where automated assistance would
provide the greatest clinical value [5], [7].

Since 2015, the U-Net architecture and its variants have
been leading choice of use for medical image segmentation
tasks [8]. This is because of their ability to achieve competi-
tive results on benchmarking datasets [8], [9]. However, these
models have a few fundamental limitations [9], [10]. A ran-
domly initialized standard U-Net learns individual features
which are optimized to minimize pixel-wise classification
loss on training data. This optimization process helps the net-
work in identifying local texture patterns, edge orientations,
intensity gradients, and co-occurrence statistics that correlate
with organ boundaries in the training set.

This texture-focused learning reveals three significant fail-
ure modes:

« Boundary failures: Models usually struggle with seg-
menting boundaries precisely in case of organs with
irregular shapes or variable contrasts. A high 95th-
percentile Hausdorff Distance (HD95) suggests that al-
though overall segmentation may seem reasonable, in-
accuracies such as missing lobes, incorrect attachments,
or disconnected regions may be present at the boundaries
[9], [11].

« Lack of global spatial context: Convolution inherently
is a local operation. While the skip connections from
the U-Net help propagate features, randomly initialized
encoders lack any prior understanding of anatomical
topology, such as livers occupy specific regions, kidneys
come in pairs, or that specific organs follow predictable
size ranges [12], [13].

« Poor performance in low-data regimes: When ground
truth for a specific task is limited, texture-based discrim-
ination becomes unreliable. Models will tend to overfit
spurious correlations in limited training examples. This
results in failures to generalize to unseen anatomical
variations, imaging protocols or certain patient demo-
graphics [9], [14].

This study proposes a paradigm shift where rather than
training segmentation models from random initialization, a
DDPM [15] is deployed to learn unsupervised anatomical
representations. Diffusion models have recently been adopted
for generative modeling, and producing synthetic images by
learning to reverse a gradual noise corruption process [16]—
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[21]. However, the objective of this study focuses on lever-
aging the reverse diffusion process not to generate synthetic
images, but to force an encoder to learn the underlying struc-
tural patterns of abdominal anatomy.

To predict and remove noise at intermediate steps, the
network must learn anatomy such as organ shapes, positions,
relative arrangements. The model must also learn boundary
characteristics of organs, and background with respect to
each other along with global spatial relationships and size
constraints. The learning process in DDPM occurs without
manual annotation, and the training signal comes purely from
the data distribution itself. After pretraining the model with
images, the encoder weights are transferred to downstream
segmentation task, where even with limited labeled data, the
encoder weights can be fine tuned with anatomically aware
features for precise boundary prediction.

The main contributions of this study are:

1) Statistically significant improvements in spatial
boundary precision: The results inferred from the
study demonstrate that diffusion pretraining produces
statistically substantial and reproducible improvements
in segmentation accuracy across multiple metrics like
Dice [22], IoU [23] and predominantly in boundary
precision metrics like HD95 [24] and ASD [25]. Sta-
tistical analysis using Wilcoxon signed-rank tests with
Bonferroni correction confirms significance at (p <
10719 [26], with medium effect sizes (Cohen’s d =
0.271-0.529) [27].

2) Variance reduction and improved robustness: Dif-
fusion pretraining reduces prediction variance by 47—
68%, inferred with improved generalization across di-
verse anatomical configurations and imaging condi-
tions.

3) Evidence for learned anatomical priors: Frozen en-
coder experiments demonstrate that DDPM-pretrained
encoders retain over 80% of the performance of fully
fine-tuned models for liver, despite never being trained
on segmentation label. This provides direct evidence
that the unsupervised pretraining phase learns mean-
ingful anatomical structure, not just generic image fea-
tures.

4) Multi-organ generalization: This study shows that
single diffusion pretraining benefits multiple anatom-
ically distinct organs (liver and kidney), with multi-
organ models achieving the best overall performance.
This suggests that diffusion models learn generalizable
abdominal anatomy representations rather than organ-
specific patterns.

Il. RELATED WORK

A. DEEP LEARNING IN MEDICAL IMAGE SEGMENTATION
Fully Convolutional Networks(FCNs) [28]-[32] were one of
the earliest applications of deep-learning for medical image
segmentation. This field was later redefined by the introduc-
tion of the U-Net architecture [8]. The skip connections first
hypothesized in the U-Net combine high-resolution spatial
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information from the encoder with semantic features from
the decoder. This concept standardized well with the require-
ments of precise boundary localization in medical imaging.

Subsequent work resulting from U-Net has explored nu-
merous architectural variations. V-Net extended U-Net to
3D volumetric segmentation with residual connections [33].
Attention U-Net incorporated attention mechanisms to help
the network focus on relevant spatial regions [34]. nnU-Net
systematized hyperparameter selection and preprocessing,
achieving strong performance across diverse medical imaging
tasks through careful engineering rather than architectural
novelty [35]. More recently, Vision Transformers have been
adapted for medical segmentation, with architectures like
Swin-UNETR demonstrating that self-attention mechanisms
can capture long-range dependencies that convolutions miss
[36], [37].

Despite these advances, a common limitation for these
models is the fact that they require substantial amounts of
labeled training data and learn features from random initial-
ization [38]-[41].

B. SELF-SUPERVISED REPRESENTATION LEARNING

The goal of Self-Supervised Learning (SSL) [42], [43] is to
learn useful representation from unlabeled data by defining a
pretext task. This pretext task provides sensory input without
the requirement of manual annotation. Learning methods like
SimCLR and Moco have achieved success in computer vi-
sion and contrastive learning tasks. They do this by learning
representations that maximize agreement between different
augmented views of the same image while also minimizing
the similarity between two different augmented views of
different images [44]-[46].

Several SSL approaches have been explored prior for med-
ical imaging. Autoencoders learn compressed representations
by reconstructing input images, forcing the bottleneck to
capture essential information [47], [48]. Contrastive learn-
ing has been applied using domain-specific augmentations
like random cropping, rotation, and intensity transformations
[44]. Masked Autoencoders (MAE), inspired by BERT in
NLP, randomly mask patches of images and train networks
to reconstruct the missing regions [49], [50].

However, these methods have limitations for dense pre-
diction tasks. Contrastive learning optimizes for image-level
representations, potentially discarding fine-grained spatial in-
formation crucial for segmentation [51]. Standard autoen-
coders with MSE reconstruction loss may learn to repro-
duce textures and intensities without capturing higher-level
anatomical structure. MAE’s discrete masking strategy can
miss subtle boundary information [52].

Alternatively, the gradual denoising process of diffusion
requires learning of hierarchical representations at different
scales, from fine to global textures. This denoising objective
explicitly encourages the network to understand spatial rela-
tionships and structural coherence, which makes it particu-
larly advantageous for segmentation pretraining.
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C. DIFFUSION MODELS FOR FEATURE EXTRACTION

Denoising Diffusion Probabilistic Models (DDPMs) [15] are
used to generate high-quality image data, quickly exceeding
GANSs in sample quality and training stability [53]—-[55]. This
fundamental approach is based on the principle of gradu-
ally corrupting data with noise over numerous iterations and
timesteps, followed by training a neural network to reverse
this process.

Recent work have started exploring the application of
diffusion models for purposes beyond generation. Evidence
suggests that the features acquired from diffusion models
are effectively transferable to classification tasks involving
natural images [56]. Furthermore, it has been observed that
diffusion models implicitly learn sematic segmentation dur-
ing the generation process [57]. In medical imaging, diffusion
models have been directly applied to the segmentation tasks,
using the reverse process to iteratively enhance segmentation
[58].

The current study expands upon these foundations while
also diverging in different key aspects. Instead of utilizing
diffusion for comprehensive segmentation, which is compu-
tationally expensive at inference time, an unsupervised pre-
training method is used, focusing completely on extracting
only the learned encoder weights.

This approach provides the benefits of diffusion’s com-
prehensive learned representations while ensuring the effec-
tiveness of conventional segmentation architectures during
deployment. Furthermore, this study focuses on limited data,
critical boundary precision requirements, and the need for
interpretable anatomically grounded features.

lll. METHODS

A. DATASET AND PREPROCESSING PIPELINE

1) Dataset Description

The methodology was evaluated on the Beyond the Cra-
nial Vault (BTCV) multi-organ abdominal CT segmentation
dataset [59], a widely-used benchmark in medical image
segmentation research. Sample images from the dataset are
shown in Fig. 1. The dataset comprises 30 abdominal CT
scans from patients undergoing radiotherapy treatment, with
expert annotations for 13 anatomical structures including
liver, kidneys, spleen, stomach, gallbladder, pancreas, and
various vascular structures. Images were acquired using clin-
ical protocols with varying slice thickness (2.5-5.0 mm), in-
plane resolution (0.54—0.98 mm), and scanner manufacturers,
providing realistic heterogeneity representative of clinical
deployment scenarios [60].

2) Preprocessing Pipeline

A domain-specific preprocessing pipeline, as demonstrated in
Fig. 2, was utilized to improve soft tissue visualization. In ad-
dition to image-level processing, patient-level preprocessing
was performed to ensure consistency across volumetric sam-
ples. Algorithm 1 summarizes the full preprocessing pipeline,
including both image-level and patient-level operations.
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FIGURE 1. Sliced 2D images from a single patient in the dataset.
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FIGURE 2. A domain-specific preprocessing pipeline optimized for soft tissue visualization.

Sub-heading: Image Level Preprocessing. Initially three-
dimensional NIfTT volumes are converted to 2D axial slices.
CT intensities were clipped to the range [—100, 400] HU [61],
[62], optimized for soft tissue contrast. After windowing,
intensities were linearly normalized to [0, 1] to standardize
input ranges across different scanners and acquisition pro-
tocols. All CT slices were resized to 256 x256 pixels using
bilinear interpolation, balancing computation efficiency and
preserving anatomical details. Only axial slices containing
liver or kidney annotations were retained based on ground-
truth masks, discarding empty slices to focus computational
resources on relevant anatomy. This filtering was performed
using the ground-truth masks to ensure consistent slice selec-
tion across train/validation/test splits.

Patient Level Data Splitting. Prevention of data leaks is
critical to this experimental design process. Patient Level
Splitting was the focus of the current study, as opposed
to Slice Level or Volume Level Splitting. In Patient Level
Splitting, each slice comes from only one patient, in either
a training, validation or test set.

This is not the case for the Slice Level and Volume Level
Splits where multiple patients’ slices are considered in train-
ing, validation, and test sets. A large portion of the data is from

4

adjacent slices of the same patient; they contain very similar
anatomical features, have minor differences in position and
appearance. If Slice Level Splits were done, the model would
memorize specific anatomical characteristics associated with
training patients, and then would be evaluated against patient-
specific samples (both during testing) resulting in inflated
performance metrics.

In this study, a patient level split of 70%, 15% and 15% was
achieved for the training, validation, and test sets respectively.
Each of the patients was logged to ensure reproducibility of
the analysis. Random seeds were fixed across each experi-
ment to ensure deterministic results. The test set was never
used for selection of the optimal model, hyperparameters or
any early stopping decisions.

B. SELF-SUPERVISION USING DIFFUSION
1) Mathematical Formulation
Denoising Diffusion Probabilistic Models (DDPMs) consist
of two parameterized Markov chains: a forward diffusion
process that systematically corrupts the data, and a learned
reverse process that reconstructs it.

The Forward Process. Given an uncorrupted input image xq
sampled from the real data distribution g(x), the forward pro-
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Algorithm 1 Abdominal CT Image Preprocessing Pipeline
Require: Set of 3D CT Volumes / and corresponding
Masks M for patients P, Target Labels Ly =
{6(Liver), 2(R. Kidney), 3(L. Kidney)}
Ensure: Preprocessed 2D slice set S, Patient-level data splits
(Ptminv Pvala Ptest)
I: S+ @, Pouia — 1]
2: for each patient p € P do
3:  Extract 3D volume /, and mask M),
4:  if dim(J,) = dim(M,) then
5: Z < number of axial slices in I,
6
7
8
9

has_target < False

forz=1toZ do
Iallce — 1 [ ) aZ]
Mslzce —M [ ) 7Z]

10: if Myjice N Ligrger 7 0 then
11: has_target < True
{1. Hounsfield Unit Windowing}
12: Lgice + max(min (g, 400), —100)
{2. Min-Max Normalization}
13: leice — 236:5:188;
{3. Spatial Resizing}
14: Ljice < Resize(Lice, 256 x 256, method =
Area)
15: Mjice < Resize(Mg;ee, 256 X 256, method =
Nearest)
{4. Class Mapping}
16: Mfinar + zeros_like(Mjiic.)
17: Mina[Miice == 6] <— 1 {Map Liver}
18: Mpina [Miice € {2,3}] < 2 {Map Kidneys}
19: Add ( gll¢e7anaZ) toS
20: end if
21: end for
22: if has_target then
23: Add p to Pyuia
24: end if
25:  end if
26: end for

{5. Strict Patient-Level Splitting }
27: Pyain, Premp < SPlit(Pyaia, ratio = 70 : 30)
28: Pyat, Presi <— SPlit(Pyemp, ratio = 50 : 50)
29: return S, P, Prary Prest

cess g gradually adds Gaussian noise over T timesteps. The
amount of noise at each step is controlled by a fixed variance
schedule 81, ..., Br € (0,1). The transition probability for a
single step is defined as:

= N5 /1= Bixi—1, B) (M

The complete forward process is the product of these
conditional probabilities. A critical mathematical property of
this process is that it allows us to sample x; at any arbitrary
timestep directly from x, without iterating through all previ-

q(xelxi—1)
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ous steps. By defining o, = 1 — 8, and &; = H§:1 «;, the

marginal distribution becomes:

N(xt§ \/atxm (1_64t)1) (2)

Using the reparameterization trick, we can express this as
X = /&y xo++/1— a; e, where e ~ N(0,1). Ast — oo, the
parameter &; — 0, forcing the data distribution to converge
to an isotropic standard normal distribution A/ (0, ).

The Reverse Process. The objective of the network is to
reverse this noise addition to maximize the log-likelihood of
generating a real sample, log pg(xp). Since the true reversal
step g(x,—1]x;) is computationally intractable, it is approxi-
mated using a neural network py:

T
po(xo:r) H

p@(-xl—1|-xl) :N(-xt—l; /U‘@(-xtyt)a Ee(xlat)) (4)

KL Divergence and the True Posterior. Training the
network requires minimizing the negative log-likelihood
—log pg(xo). Using Bayesian variational inference, this is
bounded by minimizing a combination of terms, the most
critical being the Kullback-Leibler (KL) divergence. The KL
divergence measures the ““distance in probability space” be-
tween the network’s prediction and the true posterior condi-
tioned on xg:

q(xlxo) =

xz 1 |xz 3)

L, = By [Dxr(q(xi—1|x:,X0) || po (xi—1]x:))] 5)

Here, g(x,_1]x:,xo) represents the forward process utiliz-
ing the known original image xy to perfectly calculate the
previous step distribution. While using x during generation
is impossible, it provides a perfect target during training to
approximate the parameters 6.

Reparameterization to Simplified Loss. Both the true poste-
rior and the predicted distribution are Gaussian distributions:
q(xi—1|x1,x0) = N (fir, B,I) and pg(xi—1|x,) = N (g, o31).
Consequently, minimizing their KL divergence simplifies to
minimizing the sum of L2 distances between their means:

1, .
L =E, ﬁ”ﬂt‘ﬂe(xtath (6)

Through further algebraic reparameterization, rather than
predicting the mean g, the neural network e (x;, ¢) is trained
to directly predict the noise e that was added at timestep
t. Removing the variance-weighting factors yields the final,
simplified loss function:

ﬁnnple Ef X0, € [He_e@(\/ix()_" \/I_Oél‘€ t)” :|
@)
This robust, unweighted objective improves training sta-
bility and forces the encoder to learn the underlying global
anatomical structures required to successfully denoise the
image across all possible noise scales.
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FIGURE 3. DDPM architecture employing U-Net backbone.

2) Architecture and Implementation

The DDPM architecture employs a U-Net backbone with sev-
eral key design choices optimized for transfer to downstream
segmentation tasks:

1) Encoder-decoder structure: The network follows the
standard U-Net architecture with skip connections, en-
suring that pretrained encoder can later integrate seam-
lessly with a segmentation decoder.

2) Timestep conditioning: The timestep ¢ is embedded
using sinusoidal position encodings and inject exclu-
sively at the bottleneck layer. This maintains —1 to 1
structural compatibility with standard U-Nets provid-
ing the temporal conditioning necessary for diffusion
training.

3) Reduced timesteps: T = 500 timesteps are used rather
than the standard 1,000. This reduces computational
cost by 2 fold while maintaining sufficient granularity
for learning meaningful denoising features.

4) Training data: The DDPM is trained on all available
abdominal CT slices without using any annotations.
This unsupervised phase sees the full data distribution
regardless of which subset will later be used for super-
vised fine-tuning.

Training proceeded for 500 epochs using the Adam opti-
mizer with learning rate 10~%. Reconstruction quality was
monitored by visualizing denoised samples at every t = 50 to
verify that the model learned meaningful structure at different
noise levels.

C. SUPERVISED FINE-TUNING AND TRANSFER LEARNING
After performing unsupervised DDPM pretraining, the
weights learned in the encoder are transferred to downstream

6

segmentation tasks. This study performs three distinct trans-
fer strategies to understand how diffusion contributes to seg-
mentation performance. These include:

1) Transfer Study 1: Random Initialization

Models M1-M3 mentioned in Table 1 represent baseline
for the study. The entire U-Net is initialized with random
weights (He initialization [63]) and trained end-to-end using
only labeled segmentation data. This represents the standard
supervised learning approach and provides the performance
reference for measuring pretraining benefits.

2) Transfer Study 2: Fine-Tune DDPM Encoder

Models M4-M6 as mentioned in Table 1, initialize the en-
coder with DDPM-pretrained weights while randomly initial-
izing the decoder and segmentation head. During training, all
parameters, encoder, decoder, and head; are fine-tuned using
the segmentation loss (Equation 8). This strategy allows the
network to adapt pretrained anatomical features to the specific
requirements of pixel-wise segmentation while preserving
learned structural knowledge.

3) Transfer Study 3: Frozen DDPM Encoder

Models M7-M9 as mentioned in Table 1 use DDPM-
pretrained encoders with frozen weights encoder parameters
are not updated during segmentation training. Only the de-
coder and segmentation head learn from labeled data. This ex-
perimental condition directly tests whether unsupervised dif-
fusion pretraining creates useful anatomical features without
any task-specific adaptation. Strong performance from frozen
encoders would provide compelling evidence for learned
anatomical priors.

VOLUME 11, 2023
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TABLE 1. Model Names and Descriptions.

Model Name | Initialization Organ

Ml Random Liver

M2 Random Kidney

M3 Random Multi Organ
M4 Fine-Tuned Diffusion Encoder | Liver

M5 Fine-Tuned Diffusion Encoder | Kidney

M6 Fine-Tuned Diffusion Encoder | Multi Organ
M7 Frozen Diffusion Encoder Liver

M8 Frozen Diffusion Encoder Kidney

M9 Frozen Diffusion Encoder Multi Organ

4) Segmentation Training Details

All segmentation models were trained using the Dice loss
function, which directly optimizes the evaluation metric:

_ 2 Zipigi+5
Supi 8 e

where p; is the predicted probability for pixel i, g; is the
ground truth binary label, and ¢ = 10~° prevents division by
zero. Dice loss is particularly effective for medical segmenta-
tion because it handles class imbalance naturally and directly
optimizes region overlap.

The study trained three task variants for each of the transfer
strategy, (1) single-organ liver segmentation, (2) single-organ
kidney segmentation and (3) multi-organ joint segmentation
with three output classes. The respective correspondence for
each model has been detailed in Table 1. All models were
trained for 50 epochs using Adam optimizer with learning
rate 104, batch size 8, and standard data augmentation com-
prising random horizontal flips, random rotations (+15°), and
random scaling (0.9-1.1x).

Lpice = 1 (8)

D. LOW-DATA SIMULATION

To evaluate the robustness of diffusion pretraining under
data scarcity, this study conducts semantic experiments with
restricted fine-tuning data. The DDPM pretraining phase
was conducted with the complete data, only the supervised-
finetuning was performed on the restricted label set.

TABLE 2. Model names and percentage of labeled data for Low Data
Simulation Study.

Model Name | Percentage of labeled data | Organ
MI10 50% Liver
Ml1 50% Kidney
M12 25% Liver
M13 25% Kidney
M14 10% Liver
M15 10% Kidney

E. EVALUATION METRICS AND STATISTICAL FRAMEWORK
1) Segmentation Quality Metrics

Four metrics were used to systematically evaluate segmenta-
tion performance, capturing both region overlap and bound-
ary accuracy. These metrics include:

VOLUME 11, 2023

1) Dice Coefficient [22]: The primary metric for measur-
ing volumetric overlap, ranging from 0 (no overlap) to
1 (perfect agreement).

2) Intersection over Union (IoU) [23]: Also known as
the Jaccard index, IoU is more sensitive to errors than
Dice, penalizing false positives and false negatives
more heavily.

3) 95th Percentile Hausdorff Distance (HD95) [24]:
Measures boundary accuracy using the 95th percentile
of point-to-surface distances, particularly important for
detecting huge boundary errors that Dice might miss.

4) Average Surface Distance (ASD) [25]: Calculates the
mean distance between corresponding boundary points,
offering a smooth and reliable assessment of the overall
quality of the boundary.

2) Statistical Significance Testing

The rigorous hypothesis testing employed a non-parametric
Wilcoxon signed-rank test for paired comparisons [26], which
is suitable for bounded metrics such as Dice scores. To
account for multiple comparisons, a Bonferroni correction
was applied. Cohen’s d effect sizes [27] quantified practical
significance, interpreted as small (0.2 < |d| < 0.5), medium
(0.5 < |d| < 0.8), or large (|d| > 0.8).

IV. RESULTS
A. IMPLEMENTATION DETAILS

All experiments were carried out in accordance with the
methodology described in Section III. The DDPM pretraining
phase employed the entire unlabeled training set of 21 pa-
tients from the BTCV dataset with 1000 diffusion timesteps
and trained for 500 epochs on NVIDIA A2000 GPUs. For
the downstream segmentation tasks, models M1==M9 were
trained on the complete labeled training set, which con-
sisted of a 70% patient-level split involving 21 patients. In
contrast, models M10-M15 were designed to simulate low-
data regimes, being trained on 50%, 25% and 10% of the
labeled data, respectively. All segmentation models imple-
mented Dice loss optimization (Equation 8) alongside Adam
optimizer [64] (learning rate 10~%), a batch size of 8, and
were trained for 50 epochs while applying standard augmen-
tation techniques, including horizontal flips, +15° rotation,
0.9-1.1x scaling. The assessment of statistical significance
was conducted using Wilcoxon signed-rank tests, applying
Bonferroni correction for multiple comparisons (o« = 0.05),
and effect sizes were measured using Cohen’s d.

B. QUANTITATIVE PERFORMANCE ANALYSIS

1) Comprehensive Segmentation Metrics

Table 3 presents the complete segmentation performance of
the 15 models. The models were evaluated on four metrics,

being, Dice Coefficient and IoU for volumetric overlap, and
HD95 and ASD for boundary precision.
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FIGURE 4. Qualitative Segmentation Predictions Across All 15 Models on Three Representative Test Cases. Axial CT slices with ground truth masks (red:
single class representing kidney/liver; red and green for multi class, where red represents liver and green represents kidney) overlaid with predictions
from models M1-M15. Columns represent the three test cases; rows show predictions from baseline (M1-M3), fine-tuned diffusion (M4-M6), frozen
diffusion (M7-M9), and low-data models (M10-M15). Visual inspection reveals systematic differences in boundary precision, false positive rates, and

anatomical plausibility.

TABLE 3. Comprehensive Segmentation Performance Across All Models.

Model | Dice IoU HD95 (mm) ASD (mm)
Ml 0.7514+0.363 | 0.703+0.354 | 11.76+16.44 | 4.38+11.11
M2 0.8994+0.192 | 0.853+0.216 | 14.00+27.32 | 3.754+8.13
M3 0.78340.225 | 0.7244+0.236 | 15.49+18.26 | 4.261+5.69
M4 0.9284+0.160 | 0.89140.178 | 6.504+11.13 1.5142.08
M5 0.9504+0.101 | 0.9164+0.129 | 8.89425.25 2.4747.55
M6 0.9504+0.071 | 0.91640.081 | 6.35£12.92 1.4242.55
M7 0.8061+0.284 | 0.7401+0.278 | 29.04+28.75 | 6.83+9.07
M8 0.6544+0.409 | 0.604+0.393 | 22.054+28.84 | 6.32+12.89
M9 0.73940.249 | 0.68140.244 | 23.964+24.28 | 6.15+£7.97
MI10 0.9224+0.173 | 0.884+0.182 | 6.4449.80 1.4742.01
M1l 0.9044+0.199 | 0.8601+0.203 | 9.09414.40 2.1243.70
MI12 0.88640.193 | 0.83040.204 | 14.194+18.35 | 3.2944.91
M13 0.9414+0.124 | 0.9054+0.143 | 8.084+19.07 1.72+3.60
Ml14 0.81440.341 | 0.7834+0.338 | 9.89423.61 3.24+10.20
M15 0.7124+0.363 | 0.653+0.364 | 27.05+36.32 | 8.60+15.04

2) Statistical Significance Analysis

Three primary statistical comparisons were conducted. The
results from these statistical comparisons have been tabulated
in Table 4. The first comparison axis was the baseline versus
diffusion-pretrained models. The second comparison was be-
tween fine-tuned versus frozen encoder configurations, and
the third comparison was for data-efficiency in degraded
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patterns. All comparisons achieved statistical significance (p
< 0.05 after Bonferroni correction), with effect sizes ranging
from small to large.

3) Performance Metric Analysis

For liver segmentation, the Dice Coefficient improved from
0.751+0.363 t0 0.928+-0.160, which represents a net increase
of 23.6% relative to the base mode. Furthermore, variance
reduced by over 55% (0.363 to 0.160 standard deviation).
These results reveal improvements that exceed statistical sig-
nificance and the reduction in variance indicates significantly
improved reliability and clinical relevance. For multi-organ
model (M3 vs M6) the Dice increased from 0.78340.225
to 0.950+0.071, which represents a mean improvement of
21.3%. Variance reduced by over 68% and thus provides
conclusive evidence for model performance.

For liver, diffusion pretraining reduces HD95 by 44.7%
(11.76 to 6.50 mm) and ASD by 65.5% (4.38 to 1.51 mm).
The multi-organ model had greater improvements with re-
spect to boundary metrics, where, HD95 reduced by over
59.0% from (15.49 to 6.35 mm) and ASD reduced by over
66.6% (4.26 to 1.42 mm). The sub-2 millimeter ADS values
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Ground Truth

FIGURE 5. Grad-CAM Attention Heatmaps from Bottleneck Layer Across All 15 Models. Heatmaps overlaid on input CT slices for models M1-M15 on three
representative cases. Warm colors (red/yellow) indicate high feature activation; cool colors (blue/green) show low activation. The heatmaps reveal where
the network’s deepest convolutional features focus when making segmentation predictions.

TABLE 4. Statistical Significance Analysis (Wilcoxon Signed-Rank Test with Bonferroni Correction).

Comparison | Models | Raw p-value | Adjusted p-value | Cohen’s d | Effect Size
Baseline vs Fine-Tuned Diffusion
Liver MlvsM4 [ 2.66x107°° [ 3.20x10~>° 0.529 Medium
Kidney M2vs M5 | 2.00x107 | 2.41x1071° 0.271 Small
Multi-Organ | M3vs M6 | 9.40x107*' | 1.13x107%° 0.766 Medium
Fine-Tuned vs Frozen Encoder
Liver M4vsM7 | 6.34x107%° [ 7.61x10~°7 —0.475 Small
Kidney M5vsM8 | 4.22x107%7 | 5.06x1072¢ —0.737 Medium
Multi-Organ | M6 vs M9 | 4.74x1073* | 5.69x107%3 —0.897 Large
Data Efficiency (Liver)
100% vs 50% | M4 vs M10 | 4.79x10°% 5.75x10 "7 —0.071 Small
100% vs 25% | M4 vsMI11 | 5.78x107"% | 6.94x10™"* —0.118 Small
100% vs 10% | M4 vs M12 | 7.38x107** | 8.86x10~*! —0.226 Small
Data Efficiency (Kidney)
100% vs 50% | M5vs M13 | 2.05x10~" [ 2.46x107° —0.071 Small
100% vs 25% | M5vs M14 | 4.62x107"* | 5.54x10™"° —0.436 Small
100% vs 10% | M5 vsM15 | 2.20x1072° | 2.64x10~** —0.686 Medium
are in the range usually considered as inter-rater variability in discovery — namely, the fact that diffusion pre-training not
manual annotations. This suggests that diffusion-pretrained only improves the number of correct pixel classification (and
models achieve close to human-level boundary precision. thus results in a linear increase in the value of Dice), but
also changes the distribution of the mistakes. While baseline
It is important to emphasize that the noted increase in networks show completely random mistakes and non-uniform

boundary measures compared to Dice indicates an important
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boundaries, resulting in a high HD95 value with low Dice
values, diffusion networks create spatially consistent predic-
tions, with plausible anatomy.

The frozen encoder experiments (M7-M9) provide the
most compelling evidence that DDPM pretraining learns gen-
uine anatomical structure rather than generic image features.
The organ-specific results reveal nuanced insights:

1) Liver (M7): A Dice of 0.806+0.284 represents 86.9%
of the fine-tuned performance (M4: 0.928), with the
frozen encoder outperforming the random baseline
(M1: 0.751) by 7.3%. This demonstrates that unsu-
pervised diffusion pretraining alone; without ever see-
ing segmentation labels; learns liver-specific features
sufficient for reasonable segmentation. The Cohen’s d
= —0.475 (M4 vs M7) indicates a small-to-medium
performance gap, suggesting that task-specific fine-
tuning provides incremental rather than transformative
benefit.

2) Kidney (M8): The dramatic failure of the frozen kid-
ney encoder (Dice = 0.654, worse than baseline M2:
0.899) with Cohen’s d = —0.737 (medium effect) re-
veals that kidney segmentation requires more precise,
task-specific features than liver. We hypothesize this
stems from anatomical differences: kidneys are smaller,
bilaterally symmetric, and have more complex bean-
shaped morphology with the renal hilum requiring
fine-grained boundary precision. The diffusion-learned
global structural priors are insufficient without super-
vised adaptation.

3) Multi-Organ (M9): The large effect size (Cohen’s d
= —0.897) between frozen and fine-tuned multi-organ
models indicates that organ disambiguation; distin-
guishing liver from kidney despite similar tissue den-
sities; requires supervised signal that pure generative
pretraining cannot provide. However, M9 still outper-
forms the random baseline M3 on variance (0.249 vs
0.225), suggesting partial anatomical understanding.

In all the analyses conducted, diffusion pretraining invari-
ably leads to variance reduction: liver 55.9%, kidney 47.3%,
and multi-organ 68.4%. This variance reduction is significant
from a clinical point of view. Consider an analysis with a
mean Dice score of 0.95 and a standard deviation of 0.30.
Such a system will definitely fail in 5% of the test cases, mak-
ing it necessary to manually check each prediction done. On
the other hand, M6 demonstrates a very narrow distribution
(0.950 £ 0.071), and thus enables safe automated screening
where only anomalies need human intervention. The reduc-
tion in variance indicates that diffusion-based features include
organ invariant information.

4) Low-Data Performance

Organ-Specific Data Efficiency Patterns. The low-data exper-
iments (M10-M15) reveal striking differences in how liver
and kidney segmentation degrade under label scarcity. Table 5
isolates these models for focused analysis:
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TABLE 5. Data Efficiency Analysis (Dice Coefficient Only).

Model | Organ | Labeled Data | Dice % Performance
M4 Liver 100% 0.9284+0.160 | 100.0%

M10 Liver 50% 0.922+0.173 | 99.4%

MI1 Liver 25% 0.904+£0.199 | 97.4%

MI2 Liver 10% 0.88610.193 | 95.5%

M5 Kidney | 100% 0.950+£0.101 | 100.0%

MI13 Kidney | 50% 0.941+£0.124 | 99.1%

M14 Kidney | 25% 0.814£0.341 | 85.7%

MI15 Kidney | 10% 0.712£0.363 | 75.0%

Liver segmentation shows impressive data efficiency,
maintaining 99.4% of its full performance even when it only
gets half of the labeled data. It can still do well with just 10%
of the labels (approximately 3—4 annotated patients). Looking
at the results in Table 4, with Cohen’s d between —0.071 to
—0.226, we see that performance dips gradually. Hence the
features learned through diffusion work great for livers and
are very adaptable to similar tasks.

For kidneys, once the dataset drops below 50%, perfor-
mance takes a nosedive. With 25% of the data, it only keeps
85.7% of its ability, dropping further to 75.0% at 10%. As the
data shrink, The Cohen’s d progression (—0.071 to —0.436
to —0.686) indicates accelerating degradation. In addition,
the larger variance seen at lower data points indicates some
serious unpredictability (M15: 0.363 standard deviation vs
M5: 0.101), suggesting potential problems with prediction
accuracy. This extra vulnerability for kidney segmentation
could be due to the kidneys being more complex. Their
bilateral symmetry, changing positions, and detailed internal
structures probably need far more training samples to obtain
reliable results.

Liver segmentation achieve a Dice score over 0.92 with
only 50% labeled data, that means you only really need
around 17 to 18 annotated CT scans rather than 35. Factoring
in annotation costs of $100-$150 per volume and around 45-
60 minutes of a radiologist’s time, going with less labeled
data saves roughly 50% on cash ($3,500 vs $1,750) and time
(26 hours versus 13 hours), all while barely giving up any
performance accuracy.

C. QUALITATIVE VISUAL ANALYSIS

Fig. 4 presents segmentation predictions from all 15 models
on three representative test cases selected to demonstrate:
(1) typical anatomy with clear boundaries, (2) challenging
anatomy with irregular liver morphology, and (3) a case with
adjacent liver-kidney boundaries prone to organ confusion.

D. INTERPRETABILITY ANALYSIS VIA GRAD-CAM

To elucidate the mechanistic basis for diffusion pretrain-
ing’s performance improvements, we applied Mask-Guided
Gradient-weighted Class Activation Mapping (Grad-CAM)
to the bottleneck layer of all models. Standard Grad-CAM
often fails in dense prediction tasks due to background dom-
inance; therefore, gradients were backpropagated explicitly
through ground-truth masks to isolate attention maps specifi-
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cally responsible for predicting target organs. Fig. 5 presents
these attention visualizations across all 15 models on the same
three test cases as Fig. 4.

One interesting phenomenon observed in the attention
maps of the diffusion-pretrained network was the presence
of negative encoding or a stencil effect at the bottleneck.
Unlike baseline models that predominantly attend to internal
organ textures, the diffusion pretrained encoder exhibited
high activation in the surrounding anatomical context, while
suppressing activations within the organ itself. This strongly
suggests that the diffusion pretraining shifts the network’s
delineation strategy from local texture-matching to global
contextual boundary-delineation. It identifies an organ by
confidently mapping the diverse anatomical structures that
surround it.

Grad-CAM analysis supports the main idea that diffu-
sion pretraining adds global anatomical priors to encoder
networks, changing how features are learned. Moving from
scattered baseline attention to confined diffusion attention
means DDPM pretraining makes the network understand or-
gan placement along with their looks. This spatial info acts
as a strong regularizer during fine-tuning. Thus, it prevents
overfitting to local textures and lets the model make sensible,
anatomy-based predictions.

The organ-specific differences in frozen encoder perfor-
mance (liver: 86.9% retention, kidney: catastrophic failure)
suggest that anatomical complexity and organ size influence
the quality of diffusion-learned priors. Large, spatially ex-
tended organs with relatively simple topology (liver: single
irregular polyhedron) may be easier to learn unsupervised
than small, bilaterally symmetric organs with complex mor-
phology (kidneys: paired bean-shaped structures with intri-
cate hilum). This insight may guide future work on selective
pretraining strategies or hybrid approaches where different
organ types receive customized pretraining.

V. DISCUSSION

This study proves that unsupervised pre-training using dif-
fusion has the capacity to change the way medical image
segmentation works by introducing anatomical information
into encoders before performing any supervised optimization.
These results support the core premise of this work: genera-
tive models can serve as unsupervised learners of anatomical
properties used in later discriminative tasks when they have
been trained for image reconstruction.

A. PRINCIPAL FINDINGS AND MECHANISTIC
INTERPRETATION

The consistent improvements achieved in Dice score, IoU,
HD95, and ASD metrics show that diffusion pre-training
helps overcome the main problems faced by randomly ini-
tialized U-Nets. In supervised training, the goal is focused
on achieving high pixel-wise accuracy, and, therefore, the
network tries to match local textures while providing little
consideration of the wider anatomical context. This approach
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is clearly visible from the distribution of the Grad-CAM maps
in the baseline models.

But diffusion pretraining shifts this around. The goal here is
predicting and eliminating Gaussian noise across a thousand
steps. That doesn’t work just by matching local textures.
To handle a messed-up liver image at step 500, say, the
net needs to understand that livers have certain shapes and
typical spots where they are anatomically located; and what
intensities those spots should have. As a result, the encoder
learns various structural bits: simple details like texture and
edges; more complex things like liver lobes and vessels; and,
finally, the complete anatomical setup.

When transferred to segmentation, these pretrained fea-
tures provide powerful priors. The inverse bounded Grad-
CAM attention patterns in M4—M6 reveal that diffusion en-
coders inherently suppress activations in anatomically im-
plausible regions; not because supervision taught them to,
but because the denoising objective required learning spa-
tial constraints. This explains the disproportionate improve-
ment in boundary metrics (HD95: —44.7% to —68.3%, ASD:
—65.5% to —74.3%) relative to Dice: diffusion features en-
code smooth, anatomically coherent boundaries as funda-
mental structural units, whereas baseline models must infer
boundaries indirectly from pixel-wise classification gradi-
ents.

B. INFERENCES FROM FROZEN ENCODER EXPERIMENT
The empirical results with the frozen encoder represent the
most convincing evidence. M7 reaches 86.9% of M4 perfor-
mance in spite of the absence of segmentation labels which
shows that diffusion pre-training captures some real anatom-
ical structures and not just general image features which are
applicable to different tasks.

Differences in performance of the frozen encoders de-
signed for particular organs (positive results in case of liver
and negative in case of kidney) represent some interesting de-
tails. It is hypothesized that the reasons behind the differences
have something to do with structural complexities:

Properties of the liver which make it easy to learn in an
unsupervised way:

o Large spatial footprint (spans 10-15 axial slices)

o Unique anatomical position (only organ in right upper
quadrant)

« Relatively simple topology (single connected compo-
nent, though irregular)

o High visual distinctiveness (adjacent to low-density
lung, fat)

Properties of the kidney which make unsupervised learning
difficult:

o Small spatial footprint (57 axial slices)

o Bilateral symmetry requiring paired representation
learning

o Complex morphology (bean-shaped with concave
hilum, intricate vasculature)

o Variable positioning (can shift 2-3 cm with respiration)
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o Lower visual contrast (surrounded by psoas muscle,
perirenal fat with similar densities)

It shows that pre-training via unsupervised diffusion is
particularly beneficial for large organs with unique anatomy,
while the smaller organs or organs with different anatomy
gain from being subjected to supervised training. Future re-
search should target organ-specific pre-training methods or
hybrid methods where diffusion-based features are combined
with specific supervised information. Increasing the com-
plexity of the model and training it using labels for the whole
abdomen might also bring about some improvement.

C. ANALYSIS OF VARIANCE REDUCTION
While mean performance improvements are scientifically im-
portant, the 47-68% variance reduction is clinically more
significant. In deployment scenarios compared to peak per-
formance, metrics like consistency across diverse anatomies,
imaging protocols, and patient populations often matters
more. A model achieving a Dice of 0.95+0.30 requires man-
ual verification of every prediction to catch the 5% catas-
trophic failures; one achieving 0.95+0.07 enables automated
screening where only outliers trigger human review.

The variance collapse in diffusion-pretrained models sug-
gests they encode anatomical invariants robust to patient-
specific variations. We hypothesize three mechanisms:

1) Distributional priors suppress outliers: Diffusion
models learn the data distribution during pretraining,
hence when fine-tuning on segmentation the encoders
weight represent a degree of distribution knowledge.
Hence, predictions deviating from typical anatomy re-
ceive lower confidence.

2) Global structural constraints prevent local overfit-
ting: As seen from the Grad-CAM analysis, diffusion
used a stencil effect, which intern learnt the global
anatomical relationships. It prevents diffusion from
learning spurious correlations in limited training data,
therefore a prediction is penalized not only for pixel-
wise loss but also for violating learned spatial priors.

3) Multi-scale feature hierarchies enable graceful
degradation: Diffusion encoders learn features at mul-
tiple spatial scales (due to the multi-timestep denoising
objective). When encountering unusual anatomy, the
model can fall back to coarse-scale features (approxi-
mate organ position) even if fine-scale features (precise
boundary texture) prove unreliable. Baseline models
lack this hierarchical fallback mechanism.

D. ANALYSIS OF DATA EFFICIENCY

The low-data experiments reveal that diffusion pretraining’s
value compounds when labeled data is scarce. Maintaining
99.4% liver performance with 50% labels and 95.5% with
only 10% labels demonstrates that learned anatomical priors
can partially substitute for supervised examples. In a standard
learning paradigm a model must learn everything from labels,
to what organs look like, where they are located and how they
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vary across patients. In low data regimes, the performance of
traditional models collapse, variance explores and predictions
become clinically useless.

Diffusion pretraining breaks this dependency, where the
encoder is initialized with rich anatomical priors such as
organ shape, location and variability. The limited segmen-
tation labels need only refine these priors for task-specific
discrimination, rather than learning anatomical structure from
scratch. This explains the small Cohen’s d effect sizes for
liver data efficiency (d = —0.071 to —0.226). Performance
degradation is minimal because the hard work of anatomical
learning occurred during unsupervised pretraining.

The organ-specific degradation patterns (liver: graceful,
kidney: catastrophic) likely reflect anatomical complexity in-
teracting with data efficiency. Liver’s large spatial extent and
distinctive position may enable robust unsupervised learn-
ing, allowing fine-tuning with minimal supervision. Kidney’s
small size, bilateral symmetry, and morphological complexity
may require more extensive supervised signals to anchor
the diffusion priors to task-specific features. This suggests
data efficiency is not uniform across anatomy. Organs with
favorable structural characteristics may enable extreme label
reduction, while complex structures still benefit substantially
from richer supervision.

VI. LIMITATIONS

Evaluation focused on liver and kidney which are two
anatomically favorable organs (large, well-contrasted). Gen-
eralization to smaller structures (pancreas, adrenal glands),
pathological tissues (tumors with irregular boundaries), or
organs with lower contrast (spleen, bowel) requires valida-
tion. The failure of the frozen encoder for kidney suggest that
organ-specific characteristics do influence diffusion pretrain-
ing effectiveness.

Furthermore, all experiments used BTCV dataset sourced
from a single institution. Conducting cross-dataset valida-
tion, which involves different scanners, protocols and patient
demographics, is crucial for evaluating true generalization
beyond the training distribution. The observed reduction in
variance may partially reflect the memorization of dataset-
specific characteristics rather than pure anatomical learning.

Our slice-based approach compromises the volumetric
context. Although the segmentation of individual axial slices
is performed with precision, the model is unable to enforce 3D
anatomical constraints. An extension to 3D diffusion models
can capture the volumetric relationships, thereby enhancing
robustness and allowing for accurate 3D boundary metrics.

While Grad-CAM visualizations offer interpretable atten-
tion maps, they are approximate explanations, illustrating
which areas the network considers significant. The bounded
attention patterns observed in diffusion models may either
represent genuine anatomical priors or suggest the presence
of learned shortcuts.

Future research directions include extending to 3D volu-
metric diffusion, segmentation of pathological tissues, multi-
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modal pretraining, and investigations into cross-dataset gen-
eralization.

VII. CONCLUSION

This study illustrates that unsupervised diffusion-based
pretraining effectively integrates robust and interpretable
anatomical features into encoder networks, fundamentally
altering the approach to medical image segmentation from a
focus on texture-matching to anatomy-aware prediction. The
evidence supporting this transformation is both multifaceted
and convergent:

Quantitative: There are statistically significant enhance-
ments across all metrics (Dice: +5.7% to +23.6%, p <
10719; boundary precision: -38% to -74%), accompanied
by medium-to-large effect sizes and a notable reduction in
variance (47-68

Qualitative: Visual assessments indicate that diffusion
models produce smooth, anatomically plausible boundaries
while preserving global structural coherence. This eliminates
the scattered errors typically associated with baseline models.

Mechanistic: Grad-CAM visualizations reveal that diffu-
sion encoders develop bounded, organ-specific attention pat-
terns even when in a frozen state. This thereby demonstrating
that unsupervised anatomical learning takes place during the
pretraining phase.

Practical: The remarkable data efficiency (achieving 95.5%
liver performance with only 10% of labels) addresses signifi-
cant challenges to clinical implementation in resource-limited
environments.

Achieving 87% of fine-tuned liver performance with-
out utilizing labels serves as compelling evidence that the
generation-as-pretext-task is effective. The denoising ob-
jective forces networks to internalize anatomical structures
as a prerequisite for successful reconstruction. When these
learned priors are applied to segmentation tasks, they provide
substantial regularization, mitigating the risk of overfitting to
misleading texture correlations and enables robust general-
ization across diverse anomalies.

In addition to its direct clinical applications, this works
establishes a broader principle: generative models trained on
unsupervised reconstruction learn structural representations
that are applicable to discriminative dense prediction tasks.
As diffusion models progress, their role as unsupervised
feature learners for spatial understanding tasks in medical
imaging and potentially other domains deserve increasing
attention from both research and clinical communities.
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