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Abstract—Ambiguous 3D medical image segmentation often
involves boundaries where different expert delineations are non-
identical yet clinically plausible. Modeling such inter-observer
variability requires a careful balance between diversity and
anatomical fidelity: deterministic models preserve coherent vol-
umetric structures but collapse expert disagreement into a
single mask, while stochastic generative models can produce
diverse samples but may introduce disconnected components
or slice-to-slice inconsistency when generating full 3D masks
from unstructured noise. We propose Volumetric Directional
Diffusion (VDD), a prior-anchored diffusion framework that
shifts stochastic generation from full-mask synthesis to residual
boundary exploration. VDD uses a coarse consensus prediction as
an anatomical anchor and learns a directional diffusion process
to generate plausible boundary variations around ambiguous
regions while preserving stable volumetric topology. Experiments
on three multi-rater datasets, including LIDC-IDRI, KiTS21, and
ISBI 2015, show that VDD improves uncertainty distribution
alignment while maintaining competitive segmentation accuracy
and 3D structural consistency. These results suggest that prior-
anchored residual diffusion can model clinically plausible expert
disagreement without sacrificing anatomical fidelity.

Index Terms—Medical image segmentation, uncertainty esti-
mation, diffusion models, inter-observer variability.

I. INTRODUCTION

Accurate boundary delineation in volumetric medical imag-
ing is notoriously challenging. For equivocal structures (e.g.,
ground-glass opacities, infiltrative boundaries), different ex-
perts may provide non-identical yet clinically plausible con-
tours, reflecting genuine inter-observer variability rather than
simple annotation noise. Capturing such aleatoric uncertainty
is critical for downstream tasks such as radiotherapy planning
and surgical margin assessment [1], where boundary misesti-
mation may carry severe clinical risks.

However, this objective creates a core trade-off for seg-
mentation models: they must represent the diversity of clini-
cally plausible expert delineations while preserving coherent
3D anatomical structures. State-of-the-art deterministic 3D
pipelines (e.g., nnU-Net [2]) typically excel at producing
spatially consistent masks, but they achieve this by collapsing
multiple plausible annotations into a single consensus predic-
tion, thereby suppressing inter-rater variability and yielding
over-confident boundaries.

To model inter-reader variability, generative models were
introduced, pioneering with VAE-based approaches such as
the Probabilistic U-Net [3]. Recently, Denoising Diffusion
Probabilistic Models (DDPMs) [4] have gained significant
traction as general medical segmentation solvers [5], [6]. By
formulating segmentation as a conditional generation task,
diffusion models can produce a diverse set of segmentation
masks by sampling from a learned distribution [7]-[10].
This stochastic capability has been successfully exploited to
model aleatoric uncertainty from divergent annotations [11],
[12] and to establish multi-expert consensus [13]. Diffusion
processes have also demonstrated potential in refining noisy
or incomplete 3D clinical labels [14], [15]. Despite their
flexibility, directly applying standard diffusion formulations
to ambiguous 3D segmentation may be inefficient for the
specific goal of modeling boundary uncertainty. In a conven-
tional diffusion process, the model recovers the segmentation
mask from an isotropic, independently distributed Gaussian
state. For high-dimensional 3D voxel masks, this formulation
provides a broad generative search space in which both the
global anatomical support and local boundary details must be
reconstructed [16], [17].

This setting is not fully aligned with ambiguous volu-
metric segmentation, where the coarse object location and
macroscopic topology are often relatively stable, while clini-
cally meaningful uncertainty is concentrated around equivocal
boundaries. Without an explicit volumetric reference, stochas-
tic generation may allocate capacity to unnecessary global
shape variation rather than focusing on fine-grained bound-
ary disagreement, making slice-to-slice consistency harder
to maintain [18], [19]. This motivates a more constrained
formulation that preserves coarse anatomical support while
modeling residual boundary variations.

Motivated by this observation, we propose Volumetric
Directional Diffusion (VDD), which shifts the generative
paradigm from full-mask synthesis to residual boundary explo-
ration. Rather than treating a deterministic segmentation as a
perfect pseudo-ground truth, VDD uses it as a coarse anatom-
ical reference that provides macroscopic spatial support while
allowing stochastic refinement around ambiguous boundaries.


https://arxiv.org/abs/2603.04024v2

This design focuses generative stochasticity on regions where
experts may reasonably disagree, while preserving stable vol-
umetric topology for anatomically coherent 3D segmentation.
Our main contributions are threefold:

o First, we formulate ambiguous 3D medical image seg-
mentation as a problem of balancing clinically plausible
inter-rater variability with volumetric anatomical fidelity.
This perspective motivates residual boundary exploration
as a more constrained and clinically meaningful alter-
native to generating full 3D masks from unstructured
Gaussian noise.

o Second, we introduce Anatomical Anchoring, which
mathematically reformulates the diffusion trajectory [20]
to incorporate a deterministic structural prior as a coarse
anatomical reference. By restricting the generative search
space to residual exploration, VDD aims to reduce topo-
logical fractures and promote slice-to-slice volumetric
consistency.

o Third, extensive experiments on three multi-rater datasets
(LIDC-IDRI, KiTS21, ISBI 2015) demonstrate that VDD
achieves strong uncertainty modeling performance, as
measured by metrics such as GED and CI, while preserv-
ing competitive segmentation accuracy and macroscopic
structural consistency.

II. RELATED WORK
A. Ambiguous Segmentation and Multi-rater Labels

Medical image segmentation can be inherently ambigu-
ous when anatomical boundaries are low-contrast, infiltra-
tive, or affected by pathology-specific variations. In such
cases, multiple expert annotations may be clinically plausible
rather than simply noisy, motivating models that represent
segmentation as a distribution of possible masks instead of
a single deterministic target. Probabilistic U-Net is an early
representative approach that combines a U-Net backbone with
a conditional variational latent space, enabling multiple plau-
sible segmentation hypotheses to be sampled from the same
input image [3]. PHiSeg extends this idea with a hierarchical
probabilistic formulation, where latent variables at different
resolutions model segmentation uncertainty across multiple
spatial scales [21]. Stochastic Segmentation Networks (SSN)
further model spatially correlated aleatoric uncertainty through
a low-rank multivariate Gaussian distribution in logit space, al-
lowing structured hypotheses to be generated beyond indepen-
dent pixel-wise uncertainty estimates [22]. These probabilistic
and stochastic approaches establish that inter-rater variability
should be modeled rather than collapsed into a single annota-
tion. Our work builds on this ambiguity-aware perspective, but
focuses on volumetric medical segmentation, where sampled
hypotheses should reflect plausible expert disagreement while
preserving coherent 3D anatomical support.

B. Diffusion-based Ambiguous Segmentation

Diffusion models have recently been widely explored for
medical image segmentation, with representative designs in-
cluding iterative mask generation, dynamic conditional en-

coding, Bernoulli diffusion, hybrid diffusion refinement, and
autoregressive mask prediction [5], [7], [23]-[25]. While
these studies demonstrate the flexibility of diffusion-based
generative modeling for segmentation, not all of them are
designed for ambiguous or multi-rater settings. Here we focus
on diffusion-based methods that explicitly model stochastic
segmentation or expert disagreement.

Rahman et al. propose a diffusion-based framework for
ambiguous medical image segmentation, generating multiple
plausible masks to capture the distribution of expert anno-
tations [11]. CCDM formulates stochastic segmentation as
conditional categorical diffusion, enabling the generation of
multiple label maps that account for aleatoric uncertainty
in divergent ground-truth annotations [12]. DiffOSeg further
studies ambiguous medical segmentation under a multi-expert
setting, using diffusion to model consensus and expert-specific
preferences [13]. These methods are closely related to our
goal of modeling plausible segmentation variability rather than
producing a single deterministic mask.

Despite this progress, ambiguous 3D segmentation intro-
duces an additional challenge: clinically meaningful disagree-
ment is often concentrated around equivocal boundaries, while
the coarse anatomical support of the target structure may
remain relatively stable. Existing diffusion-based ambiguous
segmentation methods generally introduce stochasticity at the
level of the full mask or label map. For volumetric segmen-
tation, this can make the generative search space broader
than necessary when the main uncertainty lies in boundary
deviations rather than global object presence or topology.
VDD addresses this setting by shifting the diffusion variable
from the full mask to the residual field around a case-specific
anatomical reference, so that stochastic sampling focuses
on plausible boundary variation while retaining macroscopic
volumetric support.

III. METHODOLOGY
A. Problem Setup and Anatomical Reference

Let x € REXPXHXW denote a 3D medical image, and
let Y = {y®1}E  denote the set of expert annotations
for the same case. Each annotation y*) ¢ {0, 1}P*H*xW
represents one clinically plausible delineation. During training,
we randomly sample one annotation yy from ) as the diffusion
target.

VDD first obtains a coarse anatomical reference 3 from a
deterministic segmentation network f:

y = fg(z). (1

The network f4 is trained on a consensus annotation derived
from the available expert masks. We emphasize that § is not
treated as a perfect pseudo-ground truth. Instead, it provides a
case-specific estimate of the macroscopic object support, while
boundary-level deviations from this reference are modeled by
the stochastic diffusion process. In the following, § denotes the
deterministic anatomical reference, y; denotes an intermediate
noisy mask state at timestep ¢, and §(™ denotes the final mask
sampled from the n-th reverse trajectory.
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Fig. 1. Overview of the proposed Volumetric Directional Diffusion framework.

B. Directional Diffusion in Residual Space

Let a; and oy denote the signal and noise coefficients of a
fixed Gaussian corruption schedule, where ag ~ 1, og 0,
ar ~ 0, and oy ~ 1. Following the DDPM-style denoising
formulation [4], a clean mask yy can be perturbed in closed
form as

~
~

a(ye | yo) = N (w13 aryo, o71) . )

In our implementation, the coefficients are instantiated with a
fixed linear schedule.

VDD applies this Gaussian corruption process to the resid-
val field around the anatomical reference. Specifically, we
define

To = Yo — Y- (3)
Here, r( is not a segmentation mask itself, but a continuous
residual field that represents the deviation between one expert
annotation and the anatomical reference. The residual forward
process is

q(re | ro) = N(re; aero, 071) 4)

or equivalently,
¢~ N(0,1). 5)

The corresponding noisy mask state is obtained by adding
the anatomical reference back:

Tt = G470 + O4€,

Yo =Y+ (6)

Substituting o = yo — ¢y gives the VDD marginal in mask
space:

N

Taking the conditional expectation of this VDD marginal
gives

q(ye | Y0,9) = N(yt; atyo + (1 — ay)y, UEI) .

®)

As a; decreases along the forward process, the expected mask-
space state moves from the expert annotation y, toward the
anatomical reference g. In particular, when ar ~ 0, we have

(C))

Therefore, the terminal mask-space distribution is not centered
at a case-independent zero-mean Gaussian state. Instead, it is
centered around the case-specific anatomical reference, while
the residual component approaches Gaussian noise.

This formulation preserves the Gaussian denoising principle
of DDPM-style diffusion while shifting the corrupted variable
from the full mask to the residual field around g. Thus,
VDD progressively corrupts expert-specific residuals without
discarding the coarse anatomical support.

Eq(yilyo.0)[Vt] = atyo + (1 — ar)y.

Eq(yriyo.9) [yr] = 9.

C. Training Objective and Reverse Parameterization

Using the residual forward process defined above, we sam-
ple one expert annotation ¥y, a timestep ¢, and Gaussian noise



€ to construct the noisy mask state y;. The denoising network
predicts the added residual noise from the concatenated image
and noisy mask state, together with the timestep:

60:69([z5yt]5t)' (10)

The anatomical reference ¢ is not concatenated as an additional
network input; instead, it conditions the denoising process
implicitly through the construction of y, = §+r,; and through
the residual reconstruction steps.

We optimize a DDPM-style noise-prediction objective:

‘Cdifszyo,t,E H€_€0([$7?Jt}vt)||g : 1D

Given the predicted noise, we recover the predicted clean

residual as
0 Tt — oreg([z, vl 1)

= 12
To s (12)

The corresponding clean mask estimate is
U =9+ 7. (13)

In practice, we optimize a hybrid objective by adding a
time-weighted Focal Tversky [26] loss on the predicted clean
mask. This auxiliary term provides direct shape supervision for
the reconstructed foreground mask, complementing the noise-
prediction loss that only supervises the residual denoising
direction and is less sensitive to foreground sparsity and
boundary quality:

L = Lag + MLt (ph, o)

where p§ = o(29§) is the predicted foreground probability,
o (+) denotes the sigmoid function, and \ is a dataset-dependent
balancing coefficient. The timestep weight w; emphasizes the
auxiliary segmentation loss at cleaner timesteps and reduces its
influence at highly corrupted timesteps; in implementation, for
the zero-based index i € {0,...,T—1}, we use w; = 1 — L.

At inference time, the expert annotation gy is unavailable.
We first obtain the anatomical reference § = fy(z) and
initialize the residual state as rp ~ N(0,I), with yr = g+rop.
Using a DDIM-style reverse update in residual space, we
compute

(14)

re—1 = a7 + o[, yel 8), (15)
and recover the mask-space state as
Y1 =9+ re-1. (16)

Repeating this process from the final timestep to t = 0 pro-
duces one stochastic segmentation sample. Multiple samples
are generated by independently sampling the initial residual
noise r.

D. Sampling and Uncertainty Estimation

For each image, VDD generates N stochastic segmentation
samples {§(™}N_, by repeating the reverse process with in-
dependently sampled initial residual noise. Here, §(™ denotes
the final binary mask obtained from the n-th reverse sampling
trajectory. These samples are retained as multiple plausible

segmentation hypotheses, reflecting possible expert-specific
boundary variations.

To summarize voxel-wise predictive variability, we compute
the empirical foreground probability

N
plv) = % > i (), (17)
n=1
where v indexes a voxel. The empirical foreground probability
p(v) is used to summarize the predictive distribution and
compute voxel-wise uncertainty maps. Dice-based sample-to-
rater metrics are computed directly from the generated binary
samples and expert annotations. When a consensus mask is
needed for single-mask visualization or auxiliary boundary
evaluation, we threshold p(v) at 0.5.
The voxel-wise uncertainty map is estimated as

U(v) = p(v)(1 = p(v)).

High values of U(v) indicate locations where stochas-
tic samples disagree, which often correspond to ambiguous
boundary regions.

(18)

IV. EXPERIMENTS AND RESULTS
A. Datasets and Evaluation Metrics

We evaluated VDD on three multi-rater datasets: LIDC-
IDRI [27], KiTS21 [28], and ISBI 2015 [29]. All datasets
were partitioned at the patient level using an 8:1:1
train/validation/test split to prevent patient-level data leak-
age. We assess VDD from two complementary perspectives:
sample-to-rater agreement and uncertainty-disagreement align-
ment. For Dice-based evaluation, all stochastic methods are
evaluated with the same number of samples, N = 16, unless
otherwise specified. Given N predicted samples and K expert
annotations for the same case, MeanDice averages Dice over
all N x K prediction—annotation pairs, while MaxDice first
matches each expert annotation to its best generated sample
and then averages over the K annotations. Thus, MeanDice
reflects average sample-to-rater agreement, whereas MaxDice
measures sample-set coverage of plausible rater-specific de-
lineations. We additionally report 95% Hausdorff Distance
(HD95) for volumetric boundary consistency [30].

B. Baseline Coverage

We compare VDD against representative baselines along
the main implementation axes in ambiguous medical image
segmentation. First, nnUNet2 is included in both 2D and 3D
forms as a strong deterministic reference. This comparison
separates the effect of volumetric modeling from stochastic
uncertainty estimation: deterministic models typically provide
strong single-mask accuracy, but they do not directly generate
multiple plausible annotations. Second, Probabilistic U-Net
represents latent-variable probabilistic segmentation, where
sample diversity is introduced through a learned latent space
rather than an iterative diffusion process. Third, CCDM and
DiffOSeg represent diffusion-based stochastic segmentation
baselines. They are included to evaluate whether diffusion-
based sampling can capture inter-rater variability and how



TABLE I
QUANTITATIVE COMPARISON ACROSS THREE MULTI-RATER DATASETS. THE BEST RESULTS ARE HIGHLIGHTED IN BOLD, AND THE SECOND-BEST ARE
UNDERLINED. GED IS COMPUTED FOR SINGLE-OUTPUT SETTINGS AS A SINGLETON PREDICTION SET; “~" INDICATES THAT CI/SNCC ARE NOT
APPLICABLE WITHOUT NON-DEGENERATE MULTI-SAMPLE PREDICTIVE VARIANCE MAPS.

Method  Dim. Type LIDC-IDRI KiTS21 ISBI 2015
MaxDicet GED| CIf SNCCt MaxDicet GED| CIt SNCC{ MaxDicet GED| CIt SNCCt
nnUNet2 2D Det. 06381 07198 - - 07022 07623 - - 06775 07145 - -
DiffOSeg 2D Diff. 0.5969 0.4803 02406 0.3444 05804 0.6511 0.1542 0.1542  0.5551 0.5622 0.1785 0.1980
CCDM 2D Diff. 02531 0.6992 0.0000 0.1992 0.5632 0.6842 0.1235 0.1844 05378 0.5217 0.1792 0.2931
nnUNet2 3D Det. 0.7622 04744 - - 07401 0.6526 - - 0.6914 06787 - -
Prob U-Net 3D Prob. 0.7297 0.5467 0.2906 0.1078  0.5908 0.9634 02120 0.0287  0.7667 0.5595 0.0871 0.0665
VDD (Ours) 3D Diff. 0.8031 0.2081 0.6360 0.5322 09145 0.1956 0.7233 0.2509  0.6345 0.4798 0.2605 0.2957

much volumetric consistency is retained when uncertainty is
generated slice-wise or through multi-expert diffusion mod-
eling. This baseline set therefore covers deterministic seg-
mentation, latent probabilistic segmentation, and diffusion-
based stochastic segmentation, as well as both 2D and 3D
implementations.

C. Comparison with Deterministic and Generative Baselines

On LIDC-IDRI, VDD achieves the strongest performance
across all metrics reported in Table I. It obtains the highest
MaxDice of 0.8031, compared with 0.7622 from 3D nnUNet2
and 0.7297 from Prob U-Net, indicating stronger sample-
to-rater coverage of plausible expert delineations. VDD also
substantially reduces GED to 0.2081, compared with 0.4744
from 3D nnUNet2, 0.5467 from Prob U-Net, and 0.4803
from DiffOSeg. In addition, VDD achieves the highest CI
and SNCC, suggesting that its predictive uncertainty is better
aligned with regions of expert disagreement. On KiTS21, VDD

TABLE 11
REPRESENTATIVE 2D-T0O-3D EVALUATION ON LIDC-IDRI.

Method Eval. MeanDiceT MaxDicet HD95| GED| CIt SNCCt
CCDM 2D 0.5077 0.7462  6.0780 0.3357 0.1182 0.4810
3D 0.2185 0.2531  27.6041 0.6992 0.0000 0.1992

DiffOSe 2D 0.6185 0.7532  3.9622 0.3108 0.5280 0.5103
! €3D 0.5060 0.5969 16.0721 0.4803 0.2406 0.3444
VDD 3D 0.7142 0.8031 2.1712 0.2081 0.6360 0.5322

also achieves the best performance across all metrics reported
in Table I. It obtains the highest MaxDice of 0.9145, compared
with 0.7401 from 3D nnUNet2 and 0.7022 from 2D nnUNet2.
For distributional uncertainty modeling, VDD reduces GED
to 0.1956, compared with 0.6511 from DiffOSeg, 0.6842
from CCDM, and 0.9634 from Prob U-Net. It also achieves
the highest CI of 0.7233 and the highest SNCC of 0.2509,
indicating stronger agreement between the generated sample
distribution and the observed inter-rater variability.

On ISBI 2015, Prob U-Net achieves the highest MaxDice of
0.7667, while VDD obtains a lower MaxDice of 0.6345. How-
ever, VDD achieves the strongest uncertainty-disagreement

alignment among the evaluated methods, with the lowest GED
of 0.4798, the highest CI of 0.2605, and the highest SNCC
of 0.2957. This result suggests that VDD is not optimized
solely for maximizing best-sample overlap, but for generating
plausible segmentation samples whose distribution better re-
flects expert disagreement. Table I summarizes the quantitative
comparison across three multi-rater datasets. Overall, VDD
consistently improves distributional uncertainty alignment,
while achieving strong sample-to-rater coverage on LIDC-
IDRI and KiTS21 and remaining competitive on ISBI 2015.
Table II further examines whether the gap between VDD and
2D diffusion baselines is only due to the use of 3D evaluation.

Since CCDM and DiffOSeg operate slice-wise, stacking
their outputs into 3D volumes may introduce additional penal-
ties from through-plane inconsistency. We therefore also evalu-
ate them in their native 2D setting, which provides a favorable
comparison for slice-wise methods. Even under this setting,
VDD evaluated directly in 3D outperforms both CCDM and
DiffOSeg on LIDC-IDRI across MeanDice, MaxDice, HD95,
GED, CI, and SNCC. This suggests that the advantage of
VDD is not merely an artifact of 3D reconstruction, but comes
from modeling stochastic boundary variation within a coherent
volumetric space.

D. Ablation and Rater Stability

Table III evaluates the effect of anatomical anchoring and
stochastic sampling on LIDC-IDRI. Removing the anatomical
reference substantially degrades both sample-to-rater agree-
ment and uncertainty alignment: at N = 16, MaxDice de-
creases from 0.8031 to 0.6670, HD95 increases from 2.1712
to 13.1035, and GED increases from 0.2081 to 0.5809. This
indicates that the anatomical reference provides a necessary
volumetric support for residual diffusion. Importantly, increas-
ing the number of samples improves MaxDice, GED, CI,
and SNCC, showing that VDD does not simply copy the
prior but uses stochastic residual sampling to cover plausible
rater-specific boundary variations. Table IV further examines
whether VDD remains stable when the annotation set becomes
more diverse. As the number of raters increases from K = 2
to K = 4, MeanDice changes only slightly from 0.7203
to 0.7142, while MaxDice remains nearly unchanged around
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Fig. 2. Visual comparison of uncertainty maps among VDD, Prob U-Net, and VDD (Gaussian).

TABLE III
ABLATION STUDY EVALUATING ANATOMICAL ANCHORING AND THE
NUMBER OF STOCHASTIC SAMPLES ON LIDC-IDRI.

Method N MeanDiceT MaxDice? HD95| GED] CIT SNCC?T
VDD w/o anchor 1 0.4916 0.4916  12.6894 1.0010 - -

VDD w/o anchor 4 0.4830 0.6087  13.1829 0.6531 0.3743 0.2831
VDD w/o anchor 16  0.4867 0.6670  13.1035 0.5809 0.4469 0.3393
VDD 1 0.7177 0.7177  2.1668 0.5762  — -

VDD 0.7192 0.7735  2.0424 0.2748 0.5408 0.4412
VDD 16 0.7142 0.8031  2.1712 0.2081 0.6360 0.5322

0.803. This suggests that adding more expert opinions expands
the ambiguity of the target distribution, but does not collapse
the sample-set coverage of VDD.

TABLE IV
STABILITY ANALYSIS OF VDD ON LIDC-IDRI UNDER DIFFERENT
NUMBERS OF EXPERT ANNOTATIONS.

K MeanDiceT MaxDice? GEDJ HD95| CIt SNCCt
K=2 0.7203 0.8030  0.2034 1.8689 0.6287 0.5364
K=3 07154 0.8037  0.2018 2.0494 0.6281 0.5359
K=4 07142 0.8031 0.2081 2.1712 0.6360 0.5322

The uncertainty metrics show a similar trend. GED remains
close to 0.20 across all settings, and CI/SNCC also stay
stable, with CI slightly increasing to 0.6360 at K = 4 and
SNCC changing only mildly from 0.5364 to 0.5322. These
results suggest that VDD can absorb increased rater diversity
while maintaining consistent uncertainty-disagreement align-
ment, which is central to ambiguous multi-rater segmentation.

E. Visual Analysis of Uncertainty and Residual Exploration

Figs. 2—4 provide a progressive visual analysis of VDD,
from uncertainty behavior to volumetric consistency and
residual boundary correction. Fig. 2 first examines whether
stochastic models place uncertainty in clinically meaningful
regions. We do not include nnUNet2 in this visualization
because deterministic models only produce a single mask and
therefore cannot provide non-degenerate predictive uncertainty
maps. Instead, we compare VDD with two representative

stochastic extremes across axial, sagittal, and coronal views.
Although Prob U-Net is designed for ambiguous segmentation,
its uncertainty maps are mostly inactive, with only sparse
responses near a few boundary locations. This suggests that
its sampled masks tend to collapse to similar predictions and
may under-explore plausible expert disagreement. In contrast,
the Gaussian variant of VDD removes the anatomical prior
and starts from unstructured Gaussian noise, resembling a
conventional full-mask DDPM setting. While this prior-free
variant produces stronger diversity, its uncertainty also spreads
into the interior consensus region where experts largely agree,
indicating over-exploration of anatomically stable regions.
VDD provides a more balanced behavior: uncertainty is con-
centrated around equivocal boundaries, while the common
lesion support remains stable.

Fig. 3 further examines whether diffusion-based uncertainty
remains coherent in 3D. The leftmost colored surfaces show
different expert annotations, while the following 3D overlays
are obtained by first aggregating 16 generated masks into
probability/uncertainty volumes and then aligning them with
the original image space for visualization in ITK-SNAP. Thus,
the overlays represent volumetric predictive uncertainty rather
than individual sampled segmentations. Blue/cyan indicates
low uncertainty, green/yellow indicates moderate uncertainty,
and orange/red indicates high uncertainty. For CCDM and
DiffOSeg, the uncertainty maps often show strong variation,
but the corresponding 3D structures are fragmented, jagged,
or spatially redundant. This is consistent with their slice-
wise generation process: adjacent slices are sampled indepen-
dently, so uncertainty may become discontinuous along the
through-plane direction. Such instability is especially visible
in nodules with thin bridges, pleural tails, vessel attachments,
or highly spiculated boundaries, where fragmented or redun-
dant uncertain regions may obscure the distinction between
lesion boundary and surrounding anatomy. In contrast, VDD
preserves coherent volumetric support while assigning uncer-
tainty mainly to boundary regions where expert annotations
diverge. These visual patterns support the quantitative trends
in Tables I and II, suggesting that VDD improves uncertainty-
disagreement alignment without sacrificing volumetric consis-
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tency. Fig. 4 further visualizes how VDD performs residual
boundary correction around the anatomical prior on three
representative cases from different datasets. The green contour
denotes the anatomical prior, which provides coarse object
support but is not treated as a perfect pseudo-label: it may
over-cover normal tissue in some regions while under-covering
fine ambiguous structures in others. Here, the “mean” masks
are soft probability maps rather than binary masks. The expert
mean is obtained by averaging multiple expert annotations,
while the VDD mean is the empirical foreground probability
averaged over N = 16 stochastic samples. We subtract the
same anatomical prior from both soft means to obtain residual
maps: positive values indicate expansion beyond the prior,
whereas negative values indicate contraction relative to the
prior.

As shown in Fig. 4, the expert residual reveals where
human annotations tend to expand or suppress the coarse
prior. The VDD residual follows a similar spatial pattern,
expanding regions that are also expanded by the expert mean
and suppressing regions that are contracted by the expert mean.
This residual-level agreement shows that VDD does not simply
copy the anatomical prior or freely explore the full mask space.
Instead, it learns expert-like boundary corrections around the
prior, preserving clinically meaningful disagreement while
maintaining anatomical support.

FE. Clinical Applicability: Inference Efficiency

Diffusion-based stochastic segmentation is inherently more
computationally demanding than deterministic segmentation
because multiple iterative denoising steps are required for
each sampled mask. Therefore, Table V compares VDD with
representative diffusion-based stochastic segmentation meth-
ods under the same efficiency category, rather than with
deterministic single-pass models. All methods are evaluated
on a single HI00 GPU with I/O overhead excluded. Under
their native inference settings, VDD requires 0.1506 seconds
and 0.39 GB memory for one inference pass, compared with
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Fig. 4. Visualization of residual boundary exploration. For each case, the
anatomical prior provides coarse object support, while the residual field
concentrates around uncertain boundary regions.

1.2404 seconds and 1.12 GB for CCDM and 1.5199 seconds
and 0.61 GB for DiffOSeg. When generating 16 stochastic
samples for uncertainty estimation, VDD requires 2.41 sec-
onds, whereas CCDM and DiffOSeg require 19.85 and 24.32
seconds, respectively.

This efficiency gain suggests that anatomical anchoring re-
duces the effective denoising burden by constraining stochastic
generation to residual boundary exploration around a coarse
anatomical reference. Instead of reconstructing a complete
segmentation mask from a broad noisy state, VDD only needs
to sample plausible residual deviations around the anatomical
support. From a clinical workflow perspective, the reduced
sampling cost makes repeated 3D sampling more feasible for
generating voxel-wise uncertainty maps, which may support
downstream review in tasks such as radiotherapy planning,
surgical margin assessment, or risk-aware lesion delineation.



TABLE V

INFERENCE EFFICIENCY COMPARISON AMONG DIFFUSION-BASED

STOCHASTIC SEGMENTATION METHODS.

Method Params Steps' Time/pass Mem. Timex16
M) 1 (ON (GB) (!
CCDM 14.4 250  1.24044+0.0027  1.12 19.85
DiffOSeg 25.7 250 1.519940.0123  0.61 24.32
VDD (Ours)  20.1 50 0.1506+0.0004 0.39 241

V. CONCLUSION

We presented Volumetric Directional Diffusion (VDD), a
prior-anchored diffusion framework for uncertainty-aware am-
biguous 3D medical image segmentation. By modeling expert-
specific variations as residual deviations around a coarse
anatomical reference, VDD shifts stochastic generation from
full-mask synthesis to boundary-focused residual exploration.
Experiments on three multi-rater datasets show that VDD im-
proves uncertainty alignment, while maintaining competitive
volumetric segmentation accuracy. The ablation study further
suggests that anatomical anchoring helps stabilize stochastic
sampling and preserve structural consistency. Future work will
further study robustness to imperfect anatomical references
and broader adaptation of prior-anchored residual diffusion to
other multi-rater volumetric segmentation settings.

[1]

[2]

[6]

[7]
[8]

[10]

REFERENCES

T. Sha, Z. Chen, Z. Cheng, H. Zhai, X. Ding, and K. Wang, “Fast-cad:
A fairness-aware framework for non-contact stroke diagnosis,” 2025.
[Online]. Available: https://arxiv.org/abs/2511.08887

F. Isensee, P. F. Jaeger, S. A. Kohl, J. Petersen, and K. H. Maier-Hein,
“nnu-net: a self-configuring method for deep learning-based biomedical
image segmentation,” Nature methods, vol. 18, no. 2, pp. 203-211, 2021.
S. Kohl, B. Romera-Paredes, C. Meyer, J. De Fauw, J. R. Ledsam,
K. Maier-Hein, S. Eslami, D. Jimenez Rezende, and O. Ronneberger, “A
probabilistic u-net for segmentation of ambiguous images,” Advances in
neural information processing systems, vol. 31, 2018.

J. Ho, A. Jain, and P. Abbeel, “Denoising diffusion probabilistic models,”
in Advances in Neural Information Processing Systems (NeurIPS),
vol. 33, 2020, pp. 6840-6851.

J. Wu, R. Fu, H. Fang, Y. Zhang, Y. Yang, H. Xiong, H. Liu, and Y. Xu,
“Medsegdiff: Medical image segmentation with diffusion probabilistic
model,” in Medical imaging with deep learning. ~PMLR, 2024, pp.
1623-1639.

Y. Lyu, S. J. Cha, C. Jiang, A. Z. Chowdury, X. Hou, E. S.
Harake, A. Kondepudi, C. Freudiger, H. Lee, and T. C. Hollon,
“Step-calibrated diffusion for biomedical optical image restoration,”
Proceedings of the AAAI Conference on Artificial Intelligence,
vol. 39, no. 6, pp. 5946-5954, Apr. 2025. [Online]. Available:
https://ojs.aaai.org/index.php/AA Al/article/view/32635

T. Amit, T. Eliashiv, T. Dekel et al., “Segdiff: Image segmentation with
diffusion probabilistic models,” arXiv preprint arXiv:2112.00390, 2021.
J. Wolleb, F. Bieder, R. Sandkiihler, and P. C. Cattin, “Diffusion models
for medical anomaly detection,” in International Conference on Medical
image computing and computer-assisted intervention. Springer, 2022,
pp. 35-45.

C. Wu, Z. Wang, K. Xie, N. K. Devulapally, V. S. Lokhande, and
M. Gao, “Model-agnostic gender bias control for text-to-image genera-
tion via sparse autoencoder,” arXiv preprint arXiv:2507.20973, 2025.
D. Jin, R. Xu, J. Zeng, R. Lan, Y. Bai, L. Sun, and X. Chu, “Semantic
context matters: Improving conditioning for autoregressive models,”
arXiv preprint arXiv:2511.14063, 2025.

'CCDM and DiffOSeg are evaluated using their official 250-step diffusion
configuration.

(1]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

(22]

[23]

[24]

[25]

[26]

[27]

(28]

A. Rahman, J. M. J. Valanarasu, 1. Hacihaliloglu, and V. M. Patel,
“Ambiguous medical image segmentation using diffusion models,” in
Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition, 2023, pp. 11536-11546.

L. Zbinden, L. Doorenbos, T. Pissas, A. T. Huber, R. Sznitman, and
P. Mérquez-Neila, “Stochastic segmentation with conditional categori-
cal diffusion models,” in Proceedings of the IEEE/CVF International
Conference on Computer Vision, 2023, pp. 1119-1129.

H. Zhang, X. Luo, Y. Chen, and K. Li, “Diffoseg: Omni medical
image segmentation via multi-expert collaboration diffusion model,” in
International Conference on Medical Image Computing and Computer-
Assisted Intervention. Springer, 2025, pp. 128-138.

L. Fan, M. Zhang, Y. Wang, W. Lu, and H. Yin, “Noisy label refinement
based on discrete diffusion process in 3d ossicle segmentation,” in
International Conference on Medical Image Computing and Computer-
Assisted Intervention. Springer, 2025, pp. 423-432.

R. Zhang, C. Wu, Q. Yang, C. Liu, Y. Wang, K. Li, L. Huang,
and F. Zhou, “Molfescue: enhancing molecular property prediction in
data-limited and imbalanced contexts using few-shot and contrastive
learning,” Bioinformatics, vol. 40, no. 4, p. btac118, 2024.

P. Friedrich, J. Wolleb, F. Bieder, A. Durrer, and P. C. Cattin, “Wdm: 3d
wavelet diffusion models for high-resolution medical image synthesis,”
in MICCAI workshop on deep generative models. Springer, 2024, pp.
11-21.

C. Wu and M. Gao, “Simplex-aligned diffusion with cross-granularity
interaction for robust medical image classification,” in Medical Imaging
with Deep Learning.

K. Choo, Y. Jun, M. Yun, and S. J. Hwang, “Slice-consistent 3d
volumetric brain ct-to-mri translation with 2d brownian bridge diffusion
model,” in International Conference on Medical Image Computing and
Computer-Assisted Intervention. Springer, 2024, pp. 657-667.

R. Chen, X. Zhang, T. Lin, and S. Yu, “Emssd: Two-stage model
enhancing medical image segmentation based on stable diffusion,” in
2025 IEEE 22nd International Symposium on Biomedical Imaging
(ISBI). IEEE, 2025, pp. 1-5.

S. Hou, G. Jiang, J. Zhang, S. Yang, H. Guo, Y. Guo, and W. Wang,
“Directional label diffusion model for learning from noisy labels,” in
Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, 2025, pp. 25738-25748.

C. F. Baumgartner, K. C. Tezcan, K. Chaitanya, A. M. Hotker, U. J.
Muehlematter, K. Schawkat, A. S. Becker, O. Donati, and E. Konukoglu,
“Phiseg: Capturing uncertainty in medical image segmentation,” in
International conference on medical image computing and computer-
assisted intervention. Springer, 2019, pp. 119-127.

M. Monteiro, L. Le Folgoc, D. Coelho de Castro, N. Pawlowski,
B. Marques, K. Kamnitsas, M. Van der Wilk, and B. Glocker, “Stochastic
segmentation networks: Modelling spatially correlated aleatoric uncer-
tainty,” Advances in neural information processing systems, vol. 33, pp.
12756-12767, 2020.

T. Chen, C. Wang, and H. Shan, “Berdiff: Conditional bernoulli diffusion
model for medical image segmentation,” in International conference on
medical image computing and computer-assisted intervention. Springer,
2023, pp. 491-501.

T. Chen, C. Wang, Z. Chen, Y. Lei, and H. Shan, “Hidiff: Hybrid dif-
fusion framework for medical image segmentation,” IEEE Transactions
on Medical Imaging, vol. 43, no. 10, pp. 3570-3583, 2024.

T. Chen, C. Wang, Z. Chen, and H. Shan, “Autoregressive medical image
segmentation via next-scale mask prediction,” in International Confer-
ence on Medical Image Computing and Computer-Assisted Intervention.
Springer, 2025, pp. 24-34.

N. Abraham and N. M. Khan, “A novel focal tversky loss function with
improved attention u-net for lesion segmentation,” in 2019 IEEE 16th
international symposium on biomedical imaging (ISBI 2019). IEEE,
2019, pp. 683-687.

S. G. Armato III, G. McLennan, L. Bidaut, M. F. McNitt-Gray, C. R.
Meyer, A. P. Reeves, B. Zhao, D. R. Aberle, C. I. Henschke, E. A.
Hoffman et al., “The lung image database consortium (lidc) and image
database resource initiative (idri): a completed reference database of
lung nodules on ct scans,” Medical physics, vol. 38, no. 2, pp. 915-931,
2011.

N. Heller, F. Isensee, D. Trofimova, R. Tejpaul, Z. Zhao, H. Chen,
L. Wang, A. Golts, D. Khapun, D. Shats et al., “The kits21 challenge:
Automatic segmentation of kidneys, renal tumors, and renal cysts in
corticomedullary-phase ct,” arXiv preprint arXiv:2307.01984, 2023.


https://arxiv.org/abs/2511.08887
https://ojs.aaai.org/index.php/AAAI/article/view/32635

[29] A. Carass, S. Roy, A. Jog, J. L. Cuzzocreo, E. Magrath, A. Gherman,
J. Button, J. Nguyen, F. Prados, C. H. Sudre et al., “Longitudinal multi-
ple sclerosis lesion segmentation: resource and challenge,” Neurolmage,
vol. 148, pp. 77-102, 2017.

[30] L. Maier-Hein, A. Reinke, P. Godau, M. D. Tizabi, F. Buettner,
E. Christodoulou, B. Glocker, F. Isensee, J. Kleesiek, M. Kozubek et al.,
“Metrics reloaded: recommendations for image analysis validation,”
Nature methods, vol. 21, no. 2, pp. 195-212, 2024.



	Introduction
	Related Work
	Ambiguous Segmentation and Multi-rater Labels
	Diffusion-based Ambiguous Segmentation

	Methodology
	Problem Setup and Anatomical Reference
	Directional Diffusion in Residual Space
	Training Objective and Reverse Parameterization
	Sampling and Uncertainty Estimation

	Experiments and Results
	Datasets and Evaluation Metrics
	Baseline Coverage
	Comparison with Deterministic and Generative Baselines
	Ablation and Rater Stability
	Visual Analysis of Uncertainty and Residual Exploration
	Clinical Applicability: Inference Efficiency

	Conclusion
	References

