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Abstract. Intra-domain distribution shifts are common in medical im-
age segmentation due to variations in acquisition protocols, reconstruc-
tion settings, and anatomical morphology, even when data originate from
the same nominal domain. We propose a fully automatic segmentation
framework that explicitly models latent sub-domains without gradient-
based adaptation at inference. Our method dynamically discovers sub-
domains via a nonparametric prototype mechanism, expanding only when
novel distributional modes are detected. Each prototype conditions a
specialized expert via a hypernetwork, forming a prototype-conditioned
expert field over the latent manifold. Soft routing with uncertainty-based
temperature scaling enables parameter-free test-time adaptation by cali-
brating sub-domain posteriors without updating model weights. Experi-
ments on 2D medical benchmarks demonstrate improved robustness and
granular segmentation accuracy under intra-domain shifts.’
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1 Introduction

Recent advances in medical image segmentation have reduced large inter-domain
discrepancies through domain adaptation (DA) and domain generalization (DG)
techniques [10, 32, 35]. However, even when training and testing data come from
the same nominal dataset, performance often saturates due to unresolved intra-
domain variability. Medical images frequently exhibit multimodal distributions
driven by acquisition protocols, scanner vendors, reconstruction parameters, and
anatomical or pathological appearance, forming latent sub-domains within a
single dataset [25]. Training one shared model over these heterogeneous sub-
distributions encourages representation averaging, which can blur boundaries
and weaken subtle structural cues [27]. In boundary-sensitive tasks, this av-
eraging creates an intrinsic ceiling: gains increasingly depend on contour-level
reliability rather than coarse region accuracy [18,19]. We argue that breaking
this ceiling requires explicitly modeling latent sub-domain structure rather than
further homogenizing it.

! Project link: https://github.com/Macs-Laboratory /lsd-seg
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State-of-the-art and Limitations Fine-grained segmentation methods im-
prove boundary precision via boundary-aware objectives [18], multi-scale context
aggregation [34], atrous convolution [7], and point-based refinement [19], enhanc-
ing local structural fidelity. However, these approaches typically assume a unified
data distribution and therefore do not explicitly account for intra-domain multi-
modality, where samples within a single dataset form latent sub-domains due to
acquisition and appearance variations [25]. Consequently, they are limited when
boundary ambiguity stems from unresolved sub-domain shifts rather than insuffi-
cient architectural capacity. To mitigate distribution shifts more broadly, domain
adaptation and generalization methods emphasize alignment and invariance: ad-
versarial feature alignment and output-space matching reduce source-target dis-
crepancies [10, 32], while invariant risk minimization and style-based normaliza-
tion promote domain-agnostic representations [2, 36]. Despite their effectiveness
for addressing inter-domain gaps, these paradigms suppress distribution-specific
variation to achieve invariance, which can attenuate subtle high-frequency or
contrast-dependent cues needed for precise delineation. Although recent work
recognizes intra-domain variability, it still largely relies on alignment or aug-
mentation that implicitly homogenizes sub-distributions rather than explicitly
modeling their structure. Conditional computation provides an alternative di-
rection: Mixture-of-Experts (MoE) decomposes prediction into multiple experts
coordinated by input-dependent gating [16, 28], sparse routing enables scalable
capacity expansion [9], and vision adaptations suggest benefits from increased
representation diversity. However, existing MoE segmentation frameworks typ-
ically fix the number of experts and focus on capacity scaling or task decom-
position rather than modeling intra-domain heterogeneity as a latent structural
variable, and they do not address the practical setting where sub-domains are
unknown or new modes may emerge during training.

Our Contribution In this work, we reinterpret single-domain segmentation as
inference over a latent sub-domain variable and propose a dynamic sub-domain
modeling framework to explicitly capture intra-domain heterogeneity. Instead of
enforcing invariance, we treat distributional variability as a structured signal. We
introduce a nonparametric prototype mechanism that adaptively discovers latent
sub-domains without predefining their number, expanding capacity only when
novel modes are detected. Each prototype conditions a specialized expert via a
hypernetwork, forming an expert field over the latent sub-domain manifold. Soft
routing with uncertainty-tempered calibration enables parameter-free test-time
adaptation without gradient updates. By explicitly modeling latent sub-domains
and enabling conditional specialization, the proposed framework alleviates the
ceiling effect induced by intra-domain heterogeneity and improves boundary-
level reliability in fully automatic medical image segmentation.

To summarize, existing approaches fail to explicitly model latent intra-domain
variability within a single dataset, leading to performance saturation. We rein-
terpret single-domain segmentation as inference over latent sub-domains and
propose a dynamic expert framework that explicitly models this structure.
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2 Problem Definition

In this research, we study single-domain medical image segmentation under la-
tent intra-domain heterogeneity, where samples from the same nominal dataset
arise from multiple hidden modes (e.g., acquisition protocol, scanner vendor, and
patient-specific anatomy). We model this setting via an unobserved sub-domain
variable z € Z such that (z,y) ~ > .z p(2)p(x,y|z), inducing a mixture con-
ditional p(y|z) = >, .z p(z|z)p(y|x, z). The objective is to learn a predictor
fo : X — Y that remains accurate under shifts in the test-time sub-domain
prior p(z), including rare or previously unseen modes, while strictly avoiding
test-time parameter updates (i.e., no gradient-based adaptation) and relying
solely on input-dependent inference-time specialization.

3 Method

Overview We propose a fully automatic segmentation framework that explicitly
models latent intra-domain sub-domains while performing parameter-free infer-
ence (i.e., no test-time gradient updates). Given a 2D medical image z € R*W
with annotation y, we extract frozen foundation features F' = FE(z) from a
SAM2/3-style encoder E(-) and obtain an automatic prompt ¢ = P(x) (e.g.,
box, sparse points, or a coarse mask). We approximate a mixture-of-functions
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Fig. 1. Overview of our proposed framework. Frozen modules (blue) extract features
F and prompt ¢ from image z. A learnable descriptor block (orange) computes 7 to
dynamically manage prototypes {cx} within a memory bank (green) during training
(dashed gray area). These prototypes drive a hypernetwork (orange) to generate
expert adaptations Afy, for a shared decoder, producing logits {¢x }. The final prediction
¢ is obtained by uncertainty-tempered soft routing across these experts. Inference is
completely parameter-free.
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by (i) learning a sub-domain descriptor, (ii) dynamically discovering a set of pro-
totypes without predefining K, and (iii) instantiating a prototype-conditioned
expert field via a hypernetwork that generates lightweight adaptations for a
shared mask decoder. For the resulting K experts, we compute logits {fk}szl
and routing weights {wy, }_, and compose the prediction as

K
Z)ZU(Zka), (1)

k=1

where o(+) is sigmoid (or softmax for multi-class segmentation) and K is deter-
mined during training by the proposed discovery rule.

Sub-domain Descriptor and Dynamic Prototype Discovery To represent
intra-domain variability in a task-relevant manner, we learn a compact descriptor
r = D(F,q) € R™ using a lightweight head on top of frozen features. Concretely,
we aggregate global appearance cues g = Pool(F') and prompt-aligned local cues
{ = ROTPool(F; ) and form 7 = ¢([g;{]), where ¢(-) is a small MLP and [-;-]
denotes concatenation. Latent sub-domains are represented by prototypes {cj €

Rm}le maintained nonparametrically; given r, we compute cosine similarities
Sk = Wﬁ and declare novelty if maxy, s, < 7, in which case we spawn cx 41
r and increment K; otherwise we assign k* = arg maxy s and update by EMA
¢k (1 —n)ekr +nr. Prototype maintenance is performed only during training
for stability: low-support prototypes are pruned by assignment counts and highly

T .
similar prototypes are merged when m > p to prevent uncontrolled growth
=i 111 €
and fragmentation.

Prototype-Conditioned Expert Field via Hypernetwork Each prototype
defines a specialized expert, but storing a separate decoder per prototype is in-
efficient when K is dynamic. We instead generate expert-specific adaptation
parameters through a hypernetwork H(-) as A, = H(cx) and apply them to a
shared SAM-style mask decoder Ggnareq With base parameters 6y. Each expert
logit is computed as £y, = Gshared (F, ¢; 60 + Ay ), where Afy is implemented as a
lightweight adaptation (e.g., low-rank/adapters). This treats expert parameters
as a smooth function over the prototype manifold, enabling immediate instan-
tiation of experts for newly discovered sub-domains while preserving parameter
sharing across nearby modes.

Uncertainty-Tempered Soft Routing We route each input to the expert
field using similarity-based soft composition, with weights wy = softmax(‘%’c),
where T, controls routing sharpness. To avoid overconfident routing under am-
biguous inputs or boundary cases, we modulate T} using an uncertainty proxy de-
rived from expert disagreement: with p, = o (¢)), we estimate U = mean(Vary(px))
and set T,. = Ty + aU, so that higher disagreement yields smoother mixtures
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(larger T).) and lower disagreement yields sharper specialization. This calibration
is fully feed-forward and requires no test-time optimization.

Optimization and Inference Training minimizes a segmentation objective
augmented with regularizers that structure the descriptor—prototype space and
prevent expert collapse:

L= ACseg +a Eproto + ﬁ Corthm (2>

where Lseg = Lpice (¥, y)+A Lce(§,y), the prototype contrastive term is £po10 =
—log %, and the diversity regularizer is Lortho = D4, HAH;AGJ-H?
At inference, all parameters (including E, P, D, H, and Ggpared) remain frozen
and the prototype set discovered during training is fixed; for each test image we
compute (F,q,r), obtain {s;}, generate { A6y}, compute uncertainty-tempered
{wg}, and output § via Eq. (1), achieving robustness to latent intra-domain
shifts without any test-time updates.

4 Experiments

Settings We evaluate on 20 public segmentation datasets spanning diverse
modalities: endoscopy (PolypGen [1], Kvasir-SEG [17], CVC-ClinicDB [4]), der-
moscopy (ISIC 2018) [8], fundus imaging (REFUGE [24], DRIVE [31]), histopathol-
ogy (MoNuSeg [21], GlaS [30]), ultrasound (BUSI [14], CAMUS [22]), MRI
(ACDC [5], PROMISE12 [23], BraTS [33], ISLES’22 [13], WMH [20], MSD Hip-
pocampus [29]), CT (KiTS21 [12], BTCV [11], LiTS [6], LIDC-IDRI [3]), and
PET/CT (autoPET [15], HECKTOR [26]). 3D volumes are processed slice-wise
into 2D samples. Official splits are used when available; otherwise, patient-level
splits are used to prevent leakage. For intra-domain robustness evaluation, sub-
domains are defined via metadata (e.g., center, pathology) when available, or
constructed via clustering of training image descriptors. Additionally, we com-
pare with strong medical segmentation models, including nnU-Net and Med-
NeXt, and state-space/Mamba architectures (U-Mamba, SegMamba, VM-UNet)
in 2D or slice-wise settings. Promptable foundation models are evaluated using
SAM2, MedSAM, SAM-Med2D, and MedSAM2, all using the same automatic
prompt generator for fairness. We additionally perform ablations on dynamic
prototype discovery (fixed-K experts), hypernetwork-based expert generation
(static adapters), and uncertainty-tempered routing. All methods are trained
under a unified 2D setup with identical preprocessing, augmentation, and op-
timization per dataset. Our model uses a frozen SAM2/3 encoder with fully
automatic prompting, applied consistently to promptable baselines. We report
Dice and ToU, HD95 (or ASSD), and Boundary-F1, as well as worst-subdomain
Dice and inter-sub-domain variance for robustness. All evaluations are performed
without test-time adaptation, and runtime and peak GPU memory are reported.
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Table 1. Main results averaged over 20 datasets (mean + 95% CI).

Method Dice 1 HDO95 | Boundary-F1 1 Worst Dice 1
(1) nnU-Net (2D) 804+ 17 129+03 748 £ 1.7 753 £ 6.5
(2) MedNeXt (2D) 823 £ 1.8 12.7 £ 0.3 76.7 £ 1.8 773+ 1.3
(3) VM-UNet 81.3 £ 18 12.8 £ 0.3 75.7+£ 1.8 75.8 £ 1.2
(4) U-Mamba (2D) 824+£19 126 £0.3 76.8 £ 1.9 75.9 £ 3.8
(5) SegMamba (slice-wise 2D) 84.0 £ 1.8 124 + 0.3 78.4 £ 1.8 78.6 £ 4.0
(6) SAM2 + APG 82.5 £ 1.8 12.6 £ 0.3 769 £ 1.8 76.4 £ 9.1
(7) MedSAM + APG 842+ 1.6 124 + 0.2 78.6 £ 1.6 782 £ 1.7
(8) SAM-Med2D + APG 84.4 £ 2.0 12.3 £ 0.3 78.8 £ 2.0 78.6 = 8.9
(9) MedSAM2 + APG 84.8 + 1.8 12.3 £ 0.3 79.2 £ 18 78.8 £ 9.2
(10) Ours (Fixed-K experts) 84.6 £ 1.8 12.3 £ 0.3 79.0 £ 1.8 78.9 £ 8.4
(11) Ours (w/o hypernetwork; static adapters) — 82.8 + 1.8 12.6 + 0.3 772 £ 1.8 76.4 £ 9.3
(12) Ours (w/o uncertainty-tempered routing)  83.1 £ 1.8 12.5 £ 0.3 775+ 1.8 77.6 + 6.0
(13) Ours (global-only descriptor; w/o ROI) 839 £ 1.8 124 £ 0.3 783 £1.8 77.5 £5.0
(14) Ours (Full) 8794+ 1.7 11.8+0.3 823 +1.7  82.2+7.3

Main Results Table 1 summarizes performance averaged over 20 datasets
(mean £ 95% CI). Our full model achieves the best Dice (87.9) and the lowest
HD95 (11.8), outperforming strong baselines, including nnU-Net, MedNeXt, and
recent Mamba-based models, under a unified 2D evaluation protocol. Compared
to the strongest non-foundation baseline, SegMamba (84.0 Dice), our method
improves Dice by +3.9, and it surpasses promptable foundation variants such as
MedSAM?2 + APG (84.8 Dice) by +3.1, demonstrating that dynamic sub-domain
modeling provides benefits beyond backbone scaling or prompt engineering. The
largest gains are observed in Boundary-F1 and Worst Dice (82.2 vs. 78.8), indi-
cating improved contour precision and reduced intra-domain performance vari-
ance. Notably, the improvement in Worst Dice suggests enhanced robustness
to challenging or underrepresented subdomains rather than uniform average-
case gains. Ablation results further confirm that dynamic prototype discovery,
hypernetwork-based expert generation, and uncertainty-tempered routing each
contribute to the final robustness improvement, thereby validating the necessity
of explicitly modeling latent sub-domain structure.

Latent Structure and Robustness Analysis Figure 2 provides an empirical
analysis of the learned representation geometry, cross-dataset robustness, and
expert-level uncertainty behavior. As shown in Fig. 2(a), the UMAP projection
reveals that Dataset A, although treated as a single domain during training,
forms five compact clusters (S1-S5), indicating that the descriptor uncovers la-
tent intra-domain substructures related to acquisition or anatomical variability.
In contrast, Dataset B forms a clearly separated cluster, demonstrating that the
representation captures both intra- and inter-domain structure within a unified
embedding space. This dual-scale organization supports our formulation of seg-
mentation as inference over a latent mixture rather than a unimodal mapping.

This structured latent space translates into consistent robustness gains. The
win—loss heatmap in Fig. 2(b) shows predominantly positive Dice improvements
(Ours — Baseline) across 20 datasets and 13 competitors, with gains up to +0.4
Dice in challenging cases. Improvements are especially pronounced in worst-case
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Fig. 2. Experimental analysis of latent sub-domain modeling. (a) UMAP visu-
alization of learned descriptors from BraTS and WMH. (b) Win—loss heatmap showing
Dice improvement (Ours — Baseline) across 20 datasets and 13 comparison methods.
(c¢) Qualitative segmentation results on BraTS and ISIC. (d) Uncertainty analysis of
expert predictions, including predictive variance and entropy maps.
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subdomain performance, confirming that explicitly modeling latent sub-domains
reduces intra-domain variance rather than merely increasing mean Dice. Quali-
tative results in Fig. 2(c) further illustrate sharper and more coherent boundaries
in ambiguous peripheral regions compared to strong baselines, consistent with
the Boundary-F1 improvements. Finally, Fig. 2(d) shows that predictive variance
and entropy concentrate near uncertain boundaries, while uncertainty-tempered
routing adaptively interpolates across experts to produce calibrated and stable
predictions. These observations indicate that robustness arises from structured
expert specialization and adaptive mixture, rather than enforced invariance.

Collectively, these findings empirically support our central hypothesis that
intra-domain heterogeneity is better modeled as a mixture of specialized func-
tions over a latent sub-domain manifold, leading to reduced worst-case degra-
dation, improved boundary fidelity, and interpretable internal structure without
test-time adaptation.

Mechanism Analysis and Stability. Figure 3 analyzes the robustness mech-
anism and stability properties of the proposed dynamic sub-domain modeling
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framework. Under oracle sub-domain labels (Fig. 3(a)), the dynamic model im-
proves not only mean Dice but also worst-subdomain Dice, thereby reducing the
robustness gap between average and worst-case performance. This result indi-
cates that explicitly modeling latent sub-domains mitigates performance vari-
ance induced by hidden mixture shifts rather than merely increasing overall
accuracy. Figure 3(b) presents prototype dynamics over 100 training epochs.
Although the number of prototypes expands adaptively, the growth remains
bounded, and the variance band across runs stays well within predefined limits.
The coexistence of bounded expansion and limited variance suggests stable non-
parametric discovery without uncontrolled fragmentation of prototypes. Finally,
Fig. 3(c) evaluates sensitivity to the novelty threshold 7, merge threshold p, and
uncertainty scaling parameter a. Performance remains stable across a broad
range of values, with no sharp degradation near the selected operating points.
This robustness to hyperparameter variation confirms that the gains arise from
the modeling principle itself rather than from delicate threshold tuning.
Additional experiments, including per-dataset breakdowns, statistical signif-
icance tests, runtime and memory analysis, capacity-matched controls, prompt-
sensitivity analysis, and extended prototype/routing visualizations, are provided
in the project link for reproducibility and transparency.
(Project link: https://github.com/Macs-Laboratory/lsd-seg)

5 Conclusion

We presented a dynamic sub-domain modeling framework for robust single-
domain medical image segmentation. Our approach explicitly captures latent
intra-domain heterogeneity and enables fully feed-forward, parameter-free in-
ference without requiring test-time gradient updates. The proposed pipeline
learns a task-relevant sub-domain descriptor, discovers prototypes nonparamet-
rically to allocate capacity as novel modes emerge, and instantiates a prototype-
conditioned expert field via a hypernetwork. Furthermore, uncertainty-tempered
soft routing mitigates overconfident specialization under ambiguous inputs. Ex-
perimental results demonstrate that this design improves robustness to shifts
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in hidden-mode mixtures while providing interpretability of the latent struc-
ture through learned prototypes and routing weights. Despite its strengths, the
approach involves trade-offs between expert specialization and prototype frag-
mentation. Future work will focus on enhancing prompt generation, exploring
richer sub-domain representations, and developing prototype dynamics that bet-
ter model continuous manifolds while maintaining strict no-update deployment
constraints.
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