This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for thiswatermark, it isidentical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

Harmonized Feature Conditioning and Frequency-Prompt Personalization for
Multi-Rater Medical Segmentation

Sanaz Karimijafarbigloo!
Reza Azad!

Mauricio Reyes*?

Armin Khosravi?  Alireza Kheyrkhah?

Dorit Merhof"%

'Faculty of Informatics and Data Science, University of Regensburg, Regensburg, Germany
2Sharif University of Technology, Tehran, Iran
3Iran University of Science and Technology, Tehran, Iran
1ARTORG Center for Biomedical Research, University of Bern, Bern, Switzerland
*Department of Radiation Oncology, University Hospital Bern, University of Bern, Bern, Switzerland
6Fraunhofer Institute for Digital Medicine MEVIS, Bremen, Germany

Abstract

Multi-rater medical image segmentation captures the inher-
ent ambiguity of clinical interpretation, where diagnostic
boundaries vary across experts and imaging devices. Exist-
ing approaches often reduce this diversity to consensus la-
bels or treat rater differences as noise, resulting in overcon-
fident and poorly calibrated models. We propose a harmo-
nized probabilistic framework that disentangles acquisition
artifacts from genuine annotator variability through adap-
tive feature conditioning and frequency-domain personal-
ization. A lightweight Harmonizer Network implicitly mod-
els scanner-specific artifacts and performs dynamic feature
modulation to standardize latent representations, ensuring
that uncertainty reflects anatomy rather than noise. To
represent rater-specific styles, we introduce a novel High-
Frequency Prompt Modules that operate in the spectral do-
main to encode annotator-dependent boundary precision
and textural sensitivity. These prompts adaptively modulate
harmonized features to produce personalized yet anatom-
ically consistent segmentations. Furthermore, a General-
ized Energy Distance (GED)-based regularization aligns
the generative distribution with empirical annotation vari-
ability, promoting diversity where experts disagree and con-
sensus where they converge. Experiments on LIDC-IDRI
and NPC-170 show SOTA aggregated and individualized
segmentation, with notable GED reductions and improved
Dice scores, especially on noisy cases. Beyond accuracy,
the model exhibits clinically meaningful uncertainty. Confi-
dence rises in agreement regions and declines in ambiguous
areas, supporting its use as a reliable and interpretable tool
for multi-expert clinical workflows. GitHub code

1. Introduction

Multi-rater medical image segmentation utilizes annota-
tions from multiple clinical experts to delineate anatomical
structures, acknowledging the inherent ambiguity and inter-
observer variability in medical imaging [13]. This variabil-
ity renders the notion of a single, definitive ground truth un-
tenable and stems from multiple factors: the subtlety and
ambiguity of imaging features, differences in annotators’
training and clinical judgment, and the intrinsic uncertainty
associated with early-stage or borderline pathologies [25].
Inter-rater variability is a significant challenge in medical
image segmentation, particularly when delineating struc-
tures such as lung nodules, prostate tumors, or retinal lay-
ers, where interpretations often diverge among specialists
(e.g., radiologists, oncologists, or ophthalmologists) [12].
Traditional preprocessing strategies, such as majority vot-
ing or annotation averaging, are ill-suited to capture the nu-
ances of interobserver variability in medical imaging. These
aggregation-driven approaches discard critical information
about annotator disagreement and underlying uncertainty,
often biasing models toward overly confident or misleading
labels [5]. Recognizing this limitation, multi-rater medical
image segmentation has emerged as a paradigm that explic-
itly leverages, rather than suppresses, expert disagreement.
In contrast to conventional supervised learning, these meth-
ods utilize multiple annotations to infer probabilistic label
fusion, model annotator-specific behavior, or generate a dis-
tribution of plausible segmentations [10], thereby better re-
flecting the inherent uncertainty in clinical data and enhanc-
ing model interpretability, robustness, and clinical trustwor-
thiness [2, 29]. STAPLE [26], an early statistical approach,
estimated a latent ground truth but relied on restrictive para-
metric assumptions. The advent of deep learning has since
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enabled a shift toward expressive probabilistic frameworks:
the Probabilistic U-Net [11] introduced sample-level un-
certainty modeling via latent distributions, paving the way
for subsequent advances such as expert-specific disentan-
glement (D-LEMA [16]), relational annotator modeling [9],
and prompt-guided personalization (D-Persona [28]).

Despite these advances, most existing multi-rater seg-
mentation frameworks still operate primarily in the spatial
domain, making them vulnerable to scanner-specific noise,
acquisition artifacts, and inconsistent annotation quality.
Such perturbations can propagate through the latent space,
conflating clinically meaningful uncertainty with irrelevant
variability and hindering cross-scanner generalization. Pre-
vious efforts like D-Persona [28] and DiffOSeg [31] intro-
duced annotator-specific latent codes for personalized pre-
dictions, yet they remain limited to feature-level modula-
tion and do not explicitly disentangle noise effects from
diagnostic variability. Moreover, recent analyses of latent
probabilistic models [21] show that naive latent distribu-
tions often become sparse or under-regularized, reducing
their ability to represent structured variation across scan-
ners. To address these issues, we propose a lightweight Har-
monizer Network that adaptively conditions features across
scales. Hence, it learns data-driven feature modulation to
adapt to scanner variations, reducing noise and yielding a
latent space that captures true anatomy.

Building on this harmonized foundation, our innovative
framework integrates personalization directly within the
frequency domain, where stylistic differences among anno-
tators, such as boundary precision, texture sensitivity, and
lesion delineation style, manifest as high-frequency cues.
To capture these variations, we introduce High-Frequency
Prompt Modules that decompose features via wavelet trans-
forms and adaptively modulate the harmonized latent rep-
resentation to reflect each expert’s diagnostic tendencies.
This spectral personalization allows the model to synthesize
expert-specific segmentations without retraining or replicat-
ing the backbone, maintaining both efficiency and inter-
pretability. In parallel, a GED-based regularization aligns
the learned predictive distribution with empirical annota-
tion variability, reinforcing consensus where experts agree
and promoting diversity where they diverge. Together, these
components form a unified probabilistic framework that dis-
entangles scanner-induced artifacts from genuine annotator
variability, providing a lightweight yet effective solution for
harmonized and personalized multi-rater segmentation.

2. Related work
2.1. Label Fusion

Label fusion techniques in multi-rater medical image seg-
mentation aggregate diverse expert annotations into a sin-
gle consensus ground truth, often referred to as meta-

segmentation, to mitigate inter-observer variability and pro-
vide a reliable reference for training deterministic models.
Early methods, like majority voting or STAPLE [26], proba-
bilistically weight annotations based on estimated rater per-
formance to fuse labels, assuming an underlying true seg-
mentation exists but is obscured by individual biases.

Deep learning has introduced more advanced strategies
for label fusion in multi-rater medical image segmentation.
Soft Label Fusion [15] preserves inter-rater variability by
averaging annotations into probabilistic soft labels, reduc-
ing overconfidence near uncertain boundaries and enhanc-
ing calibration relative to deterministic label fusion meth-
ods. D-LEMA [16] advances this by using voxel-wise re-
liability maps to adaptively weight annotations across spa-
tial dimensions, enabling more robust consensus in regions
of local disagreement. Subsequent methods incorporate
task-specific context; for instance, DiFF [27] presents a
diagnosis-aware framework that weights annotator labels
based on their relevance to diagnostic outcomes, jointly
modeling segmentation and disease classification to pro-
duce a fused representation that is both consistent and clin-
ically pertinent. Further developments explicitly model un-
certainty. DiffOSeg [31], a two-stage diffusion-based ar-
chitecture, establishes a robust population-level fusion fol-
lowed by the generation of personalized expert-style seg-
mentations using adaptive prompts. This integration of
agreement-centric and preference-oriented learning reflects
the evolution from simple static averaging to dynamic,
expert-informed representations.

Despite their utility, label fusion methods often over-
look the inherent diversity of expert opinions, risking an
over-aggregated representation that discards valuable un-
certainty. They also assume a definitive meta-segmentation,
which may fail in ambiguous cases where consensus doesn’t
equal truth. These methods relate to diversity-preserving
approaches by supplying fused labels for generative train-
ing, yet they emphasize a single reliable outcome over mul-
tiple plausible hypotheses.

2.2. Diversity-preserving

Diversity-preserving methods model the conditional distri-
bution of plausible labels given an input image to generate
multiple diverse yet realistic segmentation samples, captur-
ing annotation ambiguities without collapsing to a single
consensus. Kohl et al. [10] pioneered the Probabilistic U-
Net, a one-stage CVAE-integrated framework with a low-
dimensional latent space where variants are encoded; it uses
a prior network for image-conditioned distribution estima-
tion and a training-only posterior for learning, producing
unlimited samples via stochastic sampling. However, its
isotropic Gaussian latent distribution hinders modeling of
complex, multimodal annotation variations.

Subsequent works enhance hierarchical structures to
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propagate stochasticity across resolutions for improved
sample quality. Baumgartner et al. [2] propose PHiSeg, a
one-stage hierarchical CVAE with separate latent variables
per resolution level in a U-Net-like architecture, ensuring
stochasticity through all skips; it generates unlimited sam-
ples matching ground-truth distributions on prostate MRI
and LIDC, outperforming Probabilistic U-Net in GED and
NCC metrics. Similarly, the Hierarchical Probabilistic U-
Net [17] decomposes latents coarsely to finely, modeling
multi-scale ambiguities for instance segmentation tasks like
neuronal cells; it achieved superior GED and HM-IoU on
the LIDC dataset compared to PHiSeg. Diffusion-based
models advance diversity through stochastic denoising pro-
cesses. CIMD et al. [18], a one-stage diffusion framework
that models ambiguity through latent space diffusion with-
out additional priors, produces diverse masks across CT, ul-
trasound, and MRI modalities; it introduces the CI score
and outperforms VAE baselines in D_max and collective in-
sight. Although these approaches implicitly model diverse
annotation styles across multiple raters, they fail to capture
true personalized segmentation behavior tailored to individ-
ual experts, remaining centered on consensus-level variabil-
ity rather than expert-specific adaptation.

2.3. Personalized adaptation

Personalized and expert-aware modeling approaches aim to
produce segmentation predictions tailored to the distinct an-
notation styles and preferences of individual experts. Early
methods such as Who Said [6] and Disentangle [32] mod-
eled annotator-specific biases using confusion matrices and
probabilistic noise models, disentangling true anatomical
structures from annotation noise to enable robust consensus
estimation while retaining individual annotator characteris-
tics. Based on probabilistic frameworks, BayesianNN [8]
introduced a shared encoder with rater-specific Bayesian
decoders that feature dedicated attention mechanisms. This
enabled efficient modeling of annotator-specific styles, out-
performing classical probabilistic baselines such as PHiSeg.

Personalization evolved toward structured, interpretable
designs. TAX [4] enabled transparency via annotator-
specific kernels and a prototype bank, while That Label’s
Got Style [30] disentangled style from uncertainty using
one-hot style conditioning. Prompt-based methods uni-
fied this direction: PU-Net [22] introduced rater-specific
and aggregated prompts, treating annotators as domains; D-
Persona [28] enhanced diversity through a constrained la-
tent space queried by expert prompts. Most recently, Dif-
fOSeg [31] integrated agreement modeling and personaliza-
tion in a diffusion framework, with probabilistic aggrega-
tion in Stage I and adaptive prompting in Stage II, replicat-
ing expert styles without architectural redundancy.

2.4. Motivation

Despite notable progress, existing multi-rater segmentation
frameworks remain limited by their sensitivity to scanner-
dependent noise and their inability to distinguish data-level
ambiguity from genuine inter-rater variability. Scanner arti-
facts, acquisition heterogeneity, and inconsistent annotation
quality often entangle within the latent space, obscuring
clinically meaningful uncertainty and degrading generaliza-
tion. Meanwhile, rater-specific nuances in boundary preci-
sion or texture perception demand adaptive modeling rather
than static fusion. Our framework addresses these inter-
twined challenges through a unified design centered on the
Harmonizer Network, which mitigates acquisition-induced
artifacts while preserving annotator diversity via frequency-
aware conditioning. This dual-level harmonization lets the
model coherently represent both ambiguity sources, stabi-
lizing features and capturing rater-specific behavior.

3. Method

As illustrated in Figure 1, our unified probabilistic frame-
work aims to learn the conditional distribution p(y | z) of
plausible segmentation masks given an input medical image
x, while explicitly disentangling two intertwined sources of
ambiguity: data-level noise, originating from scanners and
acquisition heterogeneity, and rater-level variability, driven
by subjective diagnostic interpretation. To address these
challenges, we introduce two cooperating modules within
a single architecture: a Noise Harmonizer that standard-
izes latent representations across acquisition domains, and
a Personalization Module that adapts the harmonized fea-
tures in the frequency domain to capture rater-specific nu-
ances. Both operate under a shared probabilistic backbone,
ensuring coherent uncertainty modeling across spatial and
spectral dimensions.

We build our base model upon the probabilistic formula-
tion of the Probabilistic U-Net [ 10] approach, which models
the conditional distribution of segmentation masks y given
an image z through a low-dimensional latent variable z:

poly | ) = /pe(y ) pe(z| 1) dze, (D)

where pg(z | ) is the learned prior and py(y | z, 2) is the
decoder likelihood.

Given an image z € and its n corresponding
rater annotations A = {A(M) ... A} the encoder net-
work Fj"® extracts spatial features f = Fj"(z), while the

RHXW

prior )" and posterior F;"* networks predict Gaussian
parameters {/tprior; Oprior} and {ftpost, Tpost }» TESpectively.
Latent codes z are sampled via the reparameterization trick
z2=pu+0Oe e~ N(0,I), and concatenated with fea-
ture maps f before being fed to a decoder F§* to produce
segmentation hypotheses ¢ [10].
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Figure 1. Illustration of the proposed Harmonizer Network for multi-rater medical image segmentation.

3.1. Noise Harmonizer

The Noise Harmonizer H" mitigates scanner- and
acquisition-induced artifacts that distort latent features and
confound the learning of true anatomical variability. Given
decoder features f; at layer [, the harmonizer predicts spa-
tially broadcasted modulation parameters (v;, 5;) condi-
tioned on the features and a learnable bank of artifact tokens

t = {t1,...,tr } representing characteristic noise patterns:
[, 1] = (fh t) = Wa(o(Wi(GAP(f))))),
K 2)
f] = Softmax @k, Vi,

VD

where K and V are generated from f;, while Q is obtained
from learnable tokens. GAP(-) denotes global average pool-
ing, and o denotes a non-linearity. The harmonized output:

fi=mo fi+8, 3)

with © denoting element-wise multiplication. This affine
transformation acts as a data-driven normalization mech-
anism that dynamically suppresses intensity drifts, mo-
tion artifacts, and domain biases without requiring explicit
knowledge of noise distribution. Weight sharing across lay-
ers imposes a cross-scale regularization, ensuring consistent
denoising behavior throughout the network.

The learned parameters (v, 3;) implicitly encode the ac-
quisition condition, guiding the network produce anatomi-
cally stable latent codes z that are invariant to scanner vari-
ability, yet expressive to capture structural uncertainty.

3.2. Rater-Level Adaptation

While the Noise Harmonizer standardizes data-level fea-
tures, the Personalization Module Hfbp ) adapts the latent
representation to reflect rater-specific tendencies in the fre-
quency domain. This module assumes that subtle stylistic
variations, such as differences in edge delineation, texture
sensitivity, or lesion extent, manifest predominantly in the
high-frequency spectrum.

Given feature map X € R¥*W>*Dwe begin by re-
ducing its dimensionality through a linear projection X =
XW,, where W, € RP x % . The transformed feature X is
then decomposed in the spectral domain using the Discrete
Wavelet Transform (DWT) with a Haar basis, resulting in
four sub-bands that separate low- and high- freqflllency in-
formation, X = (Xor, Xow, Xur, Xpn] € R2 *X*,
where X represents the structural outline, while X,
Xpr, and Xy contain detailed texture and edge infor-
mation that are often interpreted differently by individual
raters. These high-frequency maps are concatenated into a

unified tensor Xy = [XLHaXHLaXHH] (S R%X%XD/,
(D' = 32B), which serves as input to the Rater-Aware

Prompt Projection block.

Personalized Module: The personalized module (shown
in Figure 2) is designed to encode annotator-specific pref-
erences in the spectral domain and to propagate these la-
tent representations into the decoding process. Within this
block, N prompt components P, € RV X% x5 %D’ gre uged
to represent potential annotation biases. A learnable person-
alized weight ¢; modulates these components, enabling the
model to generate person-specific tokens. The model infers
an adaptive weighting vector w € RP " from Xy to com-
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bine these codes into a context-conditioned prompt:
w = Softmax(PWC (X)),
D/
“)
P = Convyys [ Y w(ci(P)) | -
c=1
This prompt encapsulates rater preference information
in the spectral domain, providing adaptive modulation over
high-frequency features.
The prompt and spectral features interact through an at-

tention mechanism that aligns image textures with the in-
ferred rater biases, producing refined frequency responses:

Xy = Convi i (Attention( X, P)). 5)

For the attention mechanism, we employ the Large Ker-
nel Attention module [7]. Subsequently, a 3x3 convo-
lution is applied to the recalibrated high-frequency com-
ponents X, together with the low-frequency map X, to
maintain local spatial coherence, producing a compact con-
textual feature representation denoted X,. Next, we con-
struct a memory of latent priors by drawing M, samples
from the fixed prior distribution Dpyior, forming a prior bank

Zyo € RPX1XM= The Jocalized feature X4 serves as the
query in a cross-attention operation, while the elements of
Z}' act as keys and values, allowing contextual cues to be
aligned with the learned latent prototypes. Subsequently,
an inverse discrete wavelet transform (IDWT) is performed
over the concatenation of the refined high-frequency fea-
ture X and the preserved low-frequency signal X, re-
synthesizing a full-spectrum representation. The result-
ing feature, fused with the cross-attention output, passes
through a linear projection that produces a rater-adaptive la-
tent vector 2’ encoding the annotator’s structural bias. This
personalized latent code is finally integrated with the shared
backbone features, yielding individualized yet anatomically
consistent segmentations.

Through this design, the model benefits from enhanced
sensitivity to subtle variations in texture and edge informa-
tion, attributes that often underlie inter-rater disagreement.
The jointly learned latent prompt codes therefore provide
a compact representation of annotation bias, enabling the
network to modulate high-frequency features according to
rater-specific tendencies while maintaining anatomical fi-
delity and segmentation stability.

Personalized Decoding: Given z,g, the decoder produces a
personalized segmentation §; = F§*(f, 2}, ) for rater r;.
During training, ¢; is supervised by the corresponding rater
annotation A(), with the shared backbone and prior frozen:

ESeg = Z Ez~p9(2|x) [L:seg (gza A(Z))] . (6)

i=1

Because P; is lightweight, personalization can be achieved
efficiently even with limited rater-specific data, making the

—_— e — — — — — — = — — = = = —
prior
Zhank \

uonuINy

4 @ Concatenation

1
s Softmax
1
1

® Hadamard Product |

\
|
|
|
Linear —p 7' |
|
|
|
|
|
|

—_—— = = = = = =

Figure 2. Proposed frequency recalibration method for personal-
ized segmentation.

framework suitable for semi-supervised or few-shot person-
alization scenarios.

3.3. Diversity-Preserving

To model the distributional nature of expert disagreement,
we formalize segmentation as a matching problem between
two conditional distributions: the model-induced distribu-
tion P(y | z) and the empirical annotation distribution
A(y | ). An ideal probabilistic model should minimize
the discrepancy between these distributions while preserv-
ing variability among its own predictions. Formally, this
discrepancy can be expressed through the GED [3, 10],
which provides a symmetric, unbiased measure of distance
between distributions. Using a segmentation metric d(-, -)
(we employ d = 1 — IoU), the empirical loss becomes:

5 K N
Lcep = WZZd(Pk,Ai)

k=11=1

2
CK(K-1) D

1<k<k'<K

d(kapk/)v (7)

where {P;} are K segmentation samples drawn from the
model and {A;} are N expert annotations. The first term
aligns the model’s predictive distribution with the observed
annotation manifold (fidelity), while the second enforces di-
versity across generated samples, preventing degeneracy to-
ward a single consensus mask. This formulation regularizes
the model to generate anatomically plausible, uncertainty-
aware segmentations aligned with expert variability.

3.4. Probabilistic Objective

The overall objective combines probabilistic reconstruc-
tion loss, KL divergence regularization, a harmonization
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penalty, and a GED-based distribution alignment constraint:

clolal = ]Ezwqg(Z\I,A(k))li[’seg(Fgec(f,’ Zl)? A(k>)]

+ AkL EKL(QG(Z | z, AW) [ po(z | 1’))
L
+ Anam (e = 1113 + 1B12) + Acen Laen (v, A)-

1=1

(8)
Here, L, combines Dice and cross-entropy losses, while
Lgep enforces statistical alignment between predicted and
empirical annotation distributions.

4. Experiments and Results

4.1. Dataset

LIDC-IDRI: We evaluate our method on the LIDC-IDRI
dataset [1], a standard benchmark for studying inter-
observer variability in thoracic CT segmentation. The
dataset provides diagnostic CT scans annotated by up to
four radiologists through a two-stage process: an indepen-
dent (blinded) segmentation of nodules > 3 mm, followed
by a consensus (unblinded) review. This process introduces
substantial diversity in boundary delineations and nodule
extent. Following common practice [23, 32], we extract
1,609 axial slices from 214 patients, resample all scans to
0.5 mm isotropic resolution, and crop them into 128128
nodule-centered patches. A four-fold cross-validation at the
patient level is employed for fair evaluation.

NPC-170: We further validate our framework on the NPC-
170 dataset [28], which contains multi-modal MRI scans
of 170 nasopharyngeal carcinoma (NPC) patients annotated
by four experienced radiation oncologists. Each subject in-
cludes T1-weighted, T2-weighted, and contrast-enhanced
T1 (T1lc) modalities, with independent delineations of the
gross tumor volume (GTVp). The dataset is divided into
100/20/50 patients for training, validation, and testing, cor-
responding to 6,134, 1,126, and 3,058 annotated slices, re-
spectively. We follow [24] to ensure fair comparison and
consistent evaluation across studies.

4.2. Implementation Details and Training Strategy

Our framework is built upon the probabilistic U-Net back-
bone [10], extended with the proposed Noise Harmonizer,
Personalization Module, and the GED loss for distributional
alignment. All default hyperparameter values, including
learning rate schedules, optimizer configuration, and loss
weighting, follow the original probabilistic U-Net imple-
mentation unless otherwise stated. To ensure stable latent
representation learning and clear separation between data-
level and rater-level variability, training is performed in two
sequential phases, while maintaining a unified architecture.
Phase 1 — Latent Space and Noise Harmonization. In
the first phase, the rater-specific frequency adaptation head
is excluded, and the probabilistic backbone is trained jointly

with the Noise Harmonizer. This phase focuses on learning
artifact-invariant and anatomically consistent latent features
before introducing rater-dependent modulation. Training is
conducted for 100 epochs using the Adam optimizer with
an initial learning rate of le-4, 5; = 0.9, B3 = 0.999, and
weight decay of 1 x 10~°. The latent space dimensionality
is set to D = 6, and a memory buffer of size M = 100 is
maintained to stabilize the conditional prior distribution.

Phase 2 — Frequency-based Personalization. After the
first phase converges, backbone parameters (encoder, de-
coder, and Noise Harmonizer) are frozen, and only the Per-
sonalization Module is trained for 150 epochs. This phase
fine-tunes the frequency-domain adaptation to align spectral
features with rater-specific annotation patterns while keep-
ing the shared probabilistic representation fixed. A reduced
learning rate of Se-5 is used to ensure smooth adaptation.

Implementation Details: All experiments are conducted
on a single NVIDIA GeForce RTX 3090 GPU. The full
model contains 30.31 M parameters (baseline 30.11M,
7-[((;) 0.14M and 7-[((;) ) 0.07M parameters), including both
harmonization and personalization modules, and requires
around 0.42s per forward pass during inference. The
network is implemented in PyTorch with mixed-precision
training for efficiency, using a fixed seed in all experiments.

4.3. Evaluation Metrics

To assess performance in multi-rater segmentation, we use
metrics capturing set-level diversity and expert-specific fi-
delity. We follow established evaluation practices from
prior work on probabilistic and personalized segmentation
[9, 10, 23], and use the same metrics as those employed
in recent personalized segmentation studies [12, 28]. To
evaluate the distributional alignment between predicted and
expert segmentation distributions, we use the GED [3], a
statistical metric quantifying both sample quality and inter-
nal diversity. However, as GED ignores voxel-level agree-
ment, we complement it with the soft-thresholded Dice
score [9, 23], measuring overlap between soft predictions
and soft annotations across multiple thresholds. This en-
ables a fine-grained view of voxel-wise calibration and im-
proves robustness to specific operating points.

To assess whether the predicted set captures expert vari-
ability, we use two coverage metrics. Dicey,ax measures
upper-bound coverage by selecting the best prediction for
each annotation, while Dicepacn enforces stricter one-to-
one matching via optimal bipartite assignment. Together,
they distinguish true diversity from redundancy. Finally,
personalized agreement is measured by the Dice score be-
tween each expert annotation and its corresponding individ-
ualized prediction, denoted Dice 4(;). Averaging across ex-
perts gives Dicepean, reflecting how well the model captures
annotator-specific styles rather than collapsing to a global
consensus.
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Table 1. Comparison of distribution fitting and sampling diversity performance on LIDC-IDRI and NPC-170 datasets.

Method LIDC-IDRI Dataset NPC-170 Dataset
GED \L Dicesaft T ‘ Dicemaz T Dicematch T GED \L Dicesoft T ‘ Dice'maz T Dicematch T

Prob. U-Net [10] (#10) 0.2181 88.79 88.60 88.43 0.3585 81.24 84.25 80.18
Prob. U-Net [10] (#30) 0.2169 88.79 88.80 88.73 0.3536 81.22 84.19 80.14
Prob. U-Net [10] (#50) 0.2168 88.80 88.87 88.81 0.3528 81.19 84.19 80.13
D-Persona [28] (#10) 0.1461 90.24 90.75 90.51 0.2314 83.21 83.03 80.18
D-Persona [28](#30) 0.1375 90.42 91.23 91.16 0.2090 83.74 82.78 80.98
D-Persona [28](#50) 0.1358 90.45 91.37 91.33 0.1978 84.01 82.79 81.69
Harmonizer Network (#10) | 0.1164 91.54 92.28 91.70 0.1960 84.27 82.21 81.18
Harmonizer Network (#30) | 0.1063 91.79 92.27 91.84 0.1764 84.82 82.23 82.36
Harmonizer Network (#50) | 0.1048 91.81 92.28 91.94 0.1758 84.83 82.26 82.65

Input Image Annotator 1 Annotator 2

Annotator 3

Annotator 4

Error (Raters)

Error (Preds)

Figure 3. Visualization results on the LIDC (first row) and NPC-170 (second row) dataset with multi-rater annotations and the correspond-
ing error map. The red boundary indicates the ground truth, while the blue boundary represents the predicted mask.

4.4. Results

Distributional fit and diversity of the sample set: As
summarized in Table 1, the Harmonizer prior in Phase I
achieves the strongest distributional alignment across both
LIDC-IDRI and NPC-170 datasets. While the Probabilis-
tic U-Net [10] improves marginally with more samples K,
its latent priors remain poorly calibrated, often generating
redundant or anatomically inconsistent hypotheses. In con-
trast, our phase I framework, equipped solely with the Noise
Harmonizer and the GED-based distributional constraint,
produces a latent manifold that is cleaner, more compact,
and better aligned with the empirical annotation distribu-
tion. As K increases from 10 to 50, GED steadily de-
creases and Dicey,s improves, indicating that the model
systematically expands its coverage of plausible annota-
tions without over—dispersing predictions. Compared with
D-Persona [28], which learns a spatially modulated latent
prior without explicit noise disentanglement, our method
first suppresses scanner- and acquisition- dependent arti-
facts before modeling inter-rater variability. This separation
enables a more faithful mapping between anatomical un-

certainty and sample diversity, yielding consistently lower
GED (0.105 vs. 0.136 on LIDC and 0.175 vs. 0.197 on
NPC-170) and higher Dicey.. In essence, the Harmonizer
prior learns where uncertainty matters,focusing diversity
on clinically ambiguous boundaries while preserving deter-
ministic predictions in unambiguous regions.

Personalization segmentation: When augmented with
rater-aware frequency prompts in phase II, the Harmonizer
Network delivers further improvements over all person-
alized baselines (Tables 2 and 3). On LIDC-IDRI, our
model achieves the best personalized bounds (Dicemax =
92.65%, Dicematch = 90.0%) and balanced per-rater per-
formance, outperforming D-Persona by roughly +1.61 pp
in Dicemean. On NPC-170, a more challenging multi-
modal dataset, our method surpasses both transformer-
based TAB [14] and probabilistic Pionono [19], reach-
ing 81.63% mean Dice despite pronounced inter-rater di-
vergence. Unlike D-Persona, which conditions expert
prompts on spatial features susceptible to residual acqui-
sition noise, our frequency-prompt module operates on
harmonized spectral representations, allowing it to isolate
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Table 2. Comparison of the proposed Harmonizer Network against individually trained U-Net models (single-expert annotations, top), and
personalized segmentation frameworks (bottom) on LIDC-IDRI dataset.

Method Diversity Performance Personalized Bounds (%) Personalized Segmentation Performance (%)
GED | Dicesopt T (%) | Dicemaz T Dicematen T | Dicear T Diceaa T Diceag T Diceas T Dicemean T
U-Net (A1) 0.3062 86.59 87.80 87.47 85.49 80.67 85.36
U-Net (A3) 0.2459 88.43 N/A 87.16 89.08 88.59 85.15 87.50
U-Net (43) 0.2436 88.20 85.29 88.48 89.40 87.20 87.59
U-Net (A4) 0.2962 85.83 80.80 85.48 88.22 88.90 85.85
Geometric-Structural [24] - - - - 88.53 87.98 88.33 88.16 88.25
Prob. U-Net [10] 0.2168 88.80 88.87 88.81 - - - -

CM-Global [20] 0.2432 88.53 87.51 87.51 86.13 88.76 88.99 86.18 87.51
CM-Pixel [32] 0.2407 88.64 87.72 87.72 85.99 88.81 89.31 86.77 87.72
TAB [14] 0.2322 86.35 87.11 86.08 85.00 86.35 86.77 85.77 85.97
Pionono [19] 0.1502 90.00 90.10 88.97 87.94 89.11 89.55 88.76 88.84
D-Persona [28] 0.1444 90.31 90.38 89.17 88.54 89.50 90.03 88.60 89.17
Harmonizer Network 0.1419 91.35 92.65 90.00 89.87 90.07 91.06 88.56 90.78

Table 3. Comparison of the proposed Harmonizer Network against individually trained U-Net models (single-expert annotations, top), and

personalized segmentation frameworks (bottom) on NPC-170 dataset.

Diversity Performance

Personalized Bounds (%)

Personalized Segmentation Performance (%)

Method GED ] Dicesoss 1 (%) | Dicemas T Dicematen T | Diceas T Diceas T Diceas T Diceas T Dicemoan T
U-Net (A1) 0.4322 78.65 87.02 73.68 73.15 77.05 77.85
U-Net (43) 0.4520 76.45 N/A 77.70 79.25 74.10 74.05 76.35
U-Net (43) 0.4515 76.75 76.35 76.05 79.15 74.85 76.70
U-Net (Ay) 0.4600 77.80 80.45 76.10 77.20 79.85 78.90

Geometric-Structural [24] - - - - 82.37 78.62 77.64 78.35 79.24
Prob. U-Net [10] 0.3528 81.19 84.19 80.13 - - - - -
CM-Global [20] 0.3609 81.31 85.39 80.13 84.78 77.60 77.99 80.15 80.13

CM-Pixel [32] 0.4523 78.09 81.20 76.77 80.47 74.79 74.06 77.77 76.77
TAB [14] 0.2900 81.25 81.60 80.02 83.10 78.10 79.50 76.50 79.30
Pionono [19] 0.33348 81.66 85.00 80.32 85.10 77.59 78.27 80.31 80.32
D-Persona[28] 0.2970 82.30 81.60 80.50 84.20 79.70 80.50 77.20 80.40
Harmonizer Network 0.2685 83.10 84.46 81.63 85.79 79.30 80.40 81.03 81.63

stylistic boundary cues (e.g., sharpness, textural sensitiv-
ity) without disrupting structural consistency. This sepa-
ration yields personalized masks that are both anatomically
aligned and rater-specific: the gap between Dicemax and
Dicemaeh remains narrow, indicating that each individual-
ized prediction is genuinely tailored rather than a random
sample fitting by chance. Qualitative visualization (3) fur-
ther shows that our personalized outputs adaptively refine
boundary thickness and contrast according to each anno-
tator’s style, validating that the proposed frequency-aware
conditioning achieves a more faithful and interpretable form
of expert personalization.

Moreover, the top blocks in Tables 2 and 3 report four
independently trained U-Nets, each tuned to a single anno-
tator. While each model peaks on its own rater (bold en-
tries), it underperforms on others and lacks distributional
coverage. D-Persona, by contrast, produces (i) a calibrated
set of hypotheses that aligns with the empirical annotation
distribution and (ii) personalized predictions that respect in-
dividual styles without training one network per reader.

Ablation Study and Acknowledgments

Ablation is provided in the supplementary material. This
work was funded by the German Research Foundation
(DFG) — project number 455548460.

5. Conclusion

We introduced the Harmonizer Network, a novel proba-
bilistic multi-rater medical image segmentation framework.
To address literature gap, the first stage employs a Noise
Harmonizer with GED-based alignment to model artifact-
invariant latent distributions, while the second stage in-
tegrates frequency-domain prompts to capture annotator-
specific variations. Evaluations on LIDC-IDRI and NPC-
170 show consistent improvements over probabilistic and
personalized methods in distributional fit and personalized
accuracy. The model concentrates uncertainty in ambigu-
ous regions, maintains balanced per-rater adaptation, and
remains robust to noise and blur (see supplementary), im-
proving segmentation reliability and interpretability.
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