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Abstract. PET/CT imaging is evolving from a single-tracer modality
to a multi-tracer paradigm, enabling precise characterization of diverse
disease patterns. However, a core diagnostic challenge remains, i.e., dis-
tinguishing pathological lesions from physiological uptake, as both ap-
pear as high-intensity “hot spots.” This distinction is highly dependent
on the anatomical location and tracer type, making automated segmen-
tation across tracers particularly difficult. Standard Mixture-of-Experts
(MoE) architectures theoretically support multi-task learning but typi-
cally rely on feature-driven gating. This leads to uncontrollable routing,
because of failing to leverage the anatomical and tracer-specific priors es-
sential for radiological interpretation. In this paper, we propose ProMoE,
a Prototype-Driven Mixture-of-Experts framework for context-informed
PET lesion segmentation across tracers. Unlike conventional MoE, Pro-
MoE introduces a set of learnable expert prototypes that serve as anchors
within a semantic embedding space to represent particular physiolog-
ical contexts. During inference, each input is first embedded into this
space according to anatomical and tracer-specific priors. Then, expert
activation is performed driven by the similarity between the embed-
ding and expert prototypes. This mechanism supports physiologically
informed expert specialization and tracer-adaptive routing. Validated
on a large-scale multi-center dataset of 1,366 PET/CT scans across
3 tracers (18F-FDG, 18F/68Ga-PSMA, and 18F-FAPI), ProMoE signifi-
cantly outperforms the best state-of-the-art method by 5.97% in average
DSC. Furthermore, it yields an 8.82% DSC improvement in prior-guided
zero-shot transfer on 30 cases of an unseen tracer (CD70), underscoring
its potential as a scalable, biologically grounded framework for prior-
guided adaptation to new PET tracers. The code is publicly available at
https://github.com/CMYXing/ProMoE.

Keywords: PET/CT · Lesion Segmentation · Mixture-of-Experts · Prior-
guided Transfer.
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Fig. 1: Pathological lesions and physiological uptake both manifest as high-
intensity “hot spots” in PET imaging. Radiologists distinguish them by inte-
grating anatomical context and tracer-specific information.

1 Introduction

Positron Emission Tomography/Computed Tomography (PET/CT) is a corner-
stone of precision oncology [11]. While historically dominated by FDG, the field
has shifted toward a multi-tracer paradigm, employing targeted radiotracers like
PSMA and FAPI to visualize disease processes previously invisible [12]. However,
a persistent challenge in PET diagnostics is the ambiguity of signal intensity:
Both pathological lesions and physiological uptake appear as high-intensity “hot
spots.” Their interpretation relies entirely on context. For instance, high FDG
uptake is physiological in the brain but pathological in the neck; conversely, high
PSMA uptake is normal in the neck (salivary glands) but would indicate pathol-
ogy if present in the brain (Fig. 1). Consequently, robust segmentation requires
a model to look beyond raw intensity to integrate anatomical and tracer-specific
priors for interpreting “hot spots” within their correct biological context.

Mixture-of-Experts (MoE) architectures offer a promising solution by allow-
ing experts to specialize in distinct data patterns [13,1,16]. However, standard
MoEs typically employ feature-driven gating networks that often lead to context-
agnostic routing in multi-tracer datasets. For example, a renal tumor in FDG
and a normal kidney in PSMA may appear nearly identical. Appearance-based
routers inadvertently assign these conflicting signals to the same expert, forcing
it to simultaneously learn to segment and ignore the same visual pattern. This
“conflicting gradient” problem results in performance degradation.

We argue that effective multi-tracer learning requires expert selection guided
by radiological logic, i.e., determining where the signal is (anatomy) and what the
normal metabolic behavior should be (physiological expectation). To this end,
we introduce ProMoE, a novel Prototype-Driven Mixture-of-Experts frame-
work. Departing from black-box gating, ProMoE injects explicit clinical priors
into routing via a set of learnable expert prototypes. These prototypes serve
as anchors in a semantic embedding space, representing distinct physiological
contexts (e.g., “high uptake in the kidney”). During inference, image patches are
first embedded into this semantic space based on their anatomical and tracer-
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specific priors. Then, expert activation is determined by the similarity between
these patch-level embeddings and expert prototypes. This mechanism promotes
consistent expert activation for similar physiological patterns across diverse trac-
ers, enabling tracer-adaptive expert learning. Based on this, we devise a dual-
stage feature modulation module to sequentially refine PET features via FiLM-
based [10] anatomy-aware and prototype-driven physiology-aware modulation.
This synergy enables ProMoE to suppress confounding physiological signals in
a context-informed manner, thereby supporting generalization in multi-tracer
scenarios.

Our contributions are summarized as follows: (i) ProMoE, a novel prototype-
driven MoE framework, that embeds explicit radiological priors into the routing
logic for generalizable PET segmentation across tracers; (ii) a dual-stage fea-
ture modulation module that sequentially integrates anatomical and physio-
logical cues to refine PET features for highlighting abnormal regions; (iii) an ex-
tensive validation on 1,366 PET/CT scans across 3 tracers, demonstrating su-
perior performance over state-of-the-art (SOTA) models; and (iv) prior-guided
zero-shot transfer on 30 cases from an unseen tracer, highlighting ProMoE’s
scalability and transfer potential for adapting to new PET tracers with curated
physiological priors.

2 Methodology

We propose a novel Prototype-Driven MoE framework, called ProMoE, for PET
lesion segmentation across tracers. As illustrated in Fig. 2, the framework em-
ploys a dual-stream design: a frozen CT backbone provides anatomical ground-
ing, while a PET backbone performs lesion segmentation. We project inputs into
a semantic embedding space to govern expert routing (Sec. 2.1). Feature modu-
lation is then driven by specific anatomical and physiological contexts (Sec. 2.2).
Our framework is optimized via a joint objective (Sec. 2.3).

2.1 Physiology-Aware Expert Prototype Routing

Physiological Expectation Embedding. To bridge static clinical knowledge
with dynamic image context, we propose the Physiological Expectation Embed-
ding (PE2). First, we establish an offline multi-tracer physiological atlas covering
D = 34 anatomical structures. The atlas was drafted using a Large Language
Model (LLM), reviewed by two senior nuclear medicine experts, and then fixed
as a deterministic lookup table of normative uptake levels, l(t)d ∈ {1, . . . , 6}, for
each tracer t and structure d.

During inference, for PET/CT image patches {xct, xpet} with tracer t, we
retrieve the corresponding physiological priors from the atlas. To identify struc-
tures within the current field-of-view, we employ a frozen CT backbone (pre-
trained on multi-organ segmentation) to extract anatomical occupancy maps
m ∈ {0, 1}D, where md = 1 indicates the presence of the d-th structure in patch
xct. The embedding v ∈ RD is defined element-wise as vd = l

(t)
d ·md, explicitly

encoding both the anatomical structure and expected physiological pattern.
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Fig. 2: Overview of the ProMoE framework. The Physiological Expectation Em-
bedding (PE2) module maps PET/CT inputs into a semantic embedding space
grounded in anatomical and tracer-specific priors. Routing weights W are com-
puted via similarity matching between these embeddings and a set of learn-
able expert prototypes. Finally, PET features are refined through sequential
Anatomy-aware (AaFM) and Physiology-aware (PaFM) modulations to achieve
lesion segmentation across tracers.

Prototype-Driven Expert Activation. We govern the experts via a set of
K expert prototypes {pk}Kk=1. Each prototype pk ∈ RD resides in the same
semantic space as v and acts as a learnable anchor for a specific physiological
context. The relevance of the k-th expert is determined by the similarity between
the input embedding v and prototype pk. We compute a joint similarity score
SJoint,k comprising two components:

1. Anatomical Alignment (SAna): The Dice coefficient between binarized non-
zero supports vb = 1(v) and pk,b = 1(pk), quantifying anatomical overlap:

SAna,k = Dice(vb,pk,b) = 2(vb · pk,b)/(∥vb∥1 + ∥pk,b∥1), (1)

2. Physiological Consistency (SPhy): The Cosine similarity within the mutual
support Ωk = {i | vi ̸= 0 ∧ pk,i ̸= 0}, with vΩk

and pk,Ωk
denoting signals

restricted to Ωk. This aligns local expected physiological patterns:

SPhy,k = CosSim(vΩk
,pk,Ωk

) = (vΩk
· pk,Ωk

)/(∥vΩk
∥2∥pk,Ωk

∥2). (2)

Final routing weights W are derived by applying Softmax to the joint scores
SJoint,k = SAna,k ·(SPhy,k)

2. To enhance computational efficiency while suppress-
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ing noise, we enforce sparsity via a hard threshold θ = 1/K: if SJoint,k < θ, the
weight wk is set to −∞ (pre-softmax), effectively pruning irrelevant experts.

Expert Prototypes Initialization. To ensure stable convergence, we initialize
expert prototypes via a data-driven approach. We construct a feature bank by
extracting semantic embeddings from 5,000 randomly-sampled training patches.
K-Medoids clustering [9] is applied using our joint similarity metric. The result-
ing cluster medoids are used to initialize the expert prototypes.

2.2 Dual-Stage Feature Modulation

We employ a dual-stage modulation process at each resolution level l of the PET
backbone, integrating both anatomical constraints and physiological guidance.

Anatomy-aware Feature Modulation (AaFM). We leverage the anatomi-
cal context of CT to condition PET features. Using Feature-wise Linear Modu-
lation (FiLM) [10], the CT feature map F l

ct generates affine parameters γl and
βl to scale and shift the PET features F l

pet. This spatially aligns the PET signal
with anatomical structures, yielding intermediate features F̂ l.

Physiology-aware Feature Modulation (PaFM). Next, the prototype-
driven MoE module refines F̂ l by deploying K expert adaptors {Al

k}Kk=1 (light-
weight 1 × 1 × 1 convolutions). These adaptors operate in one-to-one corre-
spondence with the K expert prototypes. By aggregating the expert responses
using the routing weights W derived in Sec. 2.1, this module supports context-
informed modulation of physiological uptake patterns while preserving lesion-
discriminative responses. Using a learnable residual scalar ηl to control the ex-
pert ensemble’s contribution, the modulated feature F l

m is computed as:

F l
m = F̂ l + ηl

∑
k
wk ·Al

k(F̂
l). (3)

2.3 Optimization Objectives

The framework is trained end-to-end using a composite loss function L. The pri-
mary segmentation objective LSeg combines Dice loss and Focal loss. To regulate
the prototype-driven mechanism, we introduce two auxiliary terms:

L = LSeg + λsLSparse + λpLProto. (4)

Here, LSparse minimizes the entropy of the routing weights wk to encourage
crisp expert specialization. The prototype alignment loss, defined as LProto =∑

k wk(1− SJoint,k), pulls the activated expert prototypes closer to the embed-
dings of the current samples. This ensures the learnable prototypes evolve to
represent the true physiological expectation clusters present in the training set.
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Table 1: Quantitative comparison of lesion segmentation performance across dif-
ferent tracers. The best and second-best performance are highlighted among
multi-tracer models. Tracer marked with ∗ represents unseen domain. Statistical
significance compared to Ours is indicated by † (p < 0.1) and ‡ (p < 0.05) based
on Wilcoxon signed-rank tests.

Methods Params DSC (%) NSD (%)

FDG PSMA FAPI Avg. CD70∗ FDG PSMA FAPI Avg. CD70∗

One-for-All Paradigm

nnU-Net [5] 384M 68.74 51.61‡ 54.57† 58.31 27.85‡ 77.99 58.77‡ 64.68† 67.15 42.51‡
SegResNet [8] 5M 65.30‡ 31.24‡ 49.92‡ 48.82 40.95‡ 74.17‡ 35.88‡ 59.01‡ 56.35 62.11
UNETR [3] 105M 48.09‡ 31.79‡ 42.14‡ 40.67 38.22‡ 56.69‡ 36.63‡ 52.94‡ 48.75 54.24‡
SwinU [2] 63M 66.42‡ 59.38‡ 56.70 60.83 42.57‡ 76.67 68.68‡ 67.31 70.89 62.87
MSAM3D [14] 101M 40.52‡ 31.01‡ 38.09‡ 36.54 33.95‡ 52.17‡ 43.11‡ 48.39‡ 47.89 55.88‡
BAMF [7] 528M 69.01 52.32‡ 53.12† 58.15 40.68‡ 82.34‡ 59.93‡ 66.35 69.54 61.60
Ours 6M 69.04 68.31 63.05 66.80 51.39 78.18 77.76 73.17 76.37 62.79

One-for-One Paradigm

nnU-Net [5] 384M*3 69.63 71.75 61.12 67.50 – 79.77 81.52 72.69 77.99 –

3 Experiments

3.1 Dataset and Experimental Setup

We curated a dataset of 1,366 PET/CT scans involving three tracer categories:
18F-FDG (846 cases), 18F/68Ga-PSMA (284/66 cases), and 18F-FAPI (170 cases).
Data were sourced from three medical centers (in-house) and the public Au-
toPET challenge [4], covering diverse malignancies (e.g., lung cancer, lymphoma,
melanoma, prostate cancer). For prior-guided zero-shot transfer, an additional
30 cases of an unseen CD70-targeted tracer were reserved for evaluation, where
the model was deployed using only a fixed physiological prior to assess its trans-
ferability to a new tracer. Two senior nuclear medicine radiologists manually
annotated all in-house cases based on clinical reports and verified the public
labels to ensure consistency. Performance was assessed using a tracer-stratified
split (90% training/cross-validation, 10% testing) via Dice Similarity Coefficient
(DSC) and Normalized Surface Distance (NSD).

Our framework uses a V-Net backbone [6]. The CT branch utilizes frozen
weights pre-trained for 500 epochs on TotalSegmentator [15] for robust anatom-
ical priors. The PET branch integrates the dual-stage modulation module (Sec.
2.2) after each downsampling block. All models were trained for 3,000 epochs
on a single NVIDIA L40 GPU (24GB) using 96× 96× 96 patches with a batch
size of 16. Optimization used Adam, with initial learning rate 1× 10−3, weight
decay 1× 10−4, and a decay factor of 0.1 every 1,000 epochs.

3.2 Comparison study

We compared our framework against diverse SOTA paradigms: nnU-Net [5]
(3D fullres) and SegResNet [8] (CNN-based); UNETR [3] and SwinUNETR
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Table 2: Ablation study of proposed components. We evaluate modulation strate-
gies in AaFM (Cat (Concatenation) vs. FiLM) and MoE routing schemes in
PaFM (MLP, T-Part. (Tracer Partition), A-Part. (Anatomy Partition) vs. Pro-
MoE), including the impact of expert count K. The best and second-best per-
formance are highlighted. Tracer marked with ∗ represents unseen domain.
Components DSC (%) NSD (%)

AaFM PaFM (K) FDG PSMA FAPI Avg. CD70∗ FDG PSMA FAPI Avg. CD70∗

Cat w/o MoE (1) 65.60 45.94 51.91 54.48 42.84 75.35 52.17 62.75 63.42 63.53
FiLM w/o MoE (1) 66.88 46.73 53.01 55.54 40.82 76.98 53.21 64.70 64.96 63.82

FiLM
MLP (12) 65.13 39.55 55.78 53.49 41.71 74.00 44.68 63.81 60.83 53.87
T-Part. (3) 66.21 48.42 60.95 58.53 – 75.31 54.42 69.87 66.53 –
A-Part. (12) 64.54 51.12 57.77 57.81 43.85 72.99 57.56 66.10 65.55 56.56

FiLM

ProMoE (6) 66.28 58.83 58.58 61.23 50.36 75.03 65.88 68.79 69.90 60.70
ProMoE (12) 69.04 68.31 63.05 66.80 51.39 78.18 77.76 73.17 76.37 62.79
ProMoE (24) 69.13 61.65 62.08 64.29 51.75 78.03 69.66 72.63 73.44 65.95
ProMoE (36) 61.92 55.87 59.33 59.04 38.34 70.10 63.68 68.92 67.57 50.50

(SwinU) [2] (Transformer-based); and a fine-tuned SAM-Med3D (MSAM3D) [14].
Additionally, we included the AutoPET III Challenge winner, BAMF Health [7].

As shown in Table 1, ProMoE achieves superior segmentation performance
with only 6M parameters (≈1.5% of nnU-Net). In the multi-tracer setting, our
model significantly outperforms the second-best SwinUNETR, particularly in the
distinct PSMA domain (+8.93% DSC), indicating improved handling of tracer-
specific physiological distributions. Notably, in the data-scarce FAPI domain,
ProMoE even surpasses the single-tracer specialist, suggesting that our unified
framework effectively leverages cross-tracer knowledge to mitigate data scarcity.

Furthermore, in the prior-guided CD70 transfer setting, ProMoE improves
DSC by 8.82% over the best competing method on 30 held-out cases from the un-
seen tracer. Fig. 3B (right) suggests that our prototype-based routing leverages
shared physiological patterns to activate the same expert. This mechanism sup-
ports prior-guided generalization to an unseen tracer without additional training
data. Qualitative results in Fig. 3A further indicate that ProMoE reduces phys-
iological false positives while maintaining high recall for pathological lesions.

3.3 Ablation Study

We investigated the impact of core components and hyper-parameters in Table 2.
Replacing simple concatenation with our FiLM-based strategy improves average
performance, indicating more effective refinement of PET features by CT struc-
tural priors. Regarding the routing mechanism within PaFM, we observe that
the standard MLP-based MoE yields the lowest performance. This indicates that
purely data-driven routing does not reliably separate pathological interference
from underlying physiological variations without explicit prior guidance. Such
instability is further evidenced in Fig. 3B (left), where its expert activation maps
appear significantly more stochastic compared to the proposed prototype-driven
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Fig. 3: (A) Representative qualitative results across tracers. Red and blue arrows
indicate pathological FNs and physiological FPs of models, respectively; (B)
Comparative visualization of the Top-1 expert activation maps (K = 12) for two
routing schemes, using a unified color-to-expert mapping to highlight consistent
expert assignments across various tracers.

approach. While hard-partitioning strategies based on tracer or anatomy improve
stability, they exhibit limited generalizability and lack fine-grained physiologi-
cal granularity. In contrast, ProMoE consistently achieves superior performance
across all metrics. Finally, we analyzed expert capacity by varying the number
of experts. Increasing experts from 6 to 12 significantly boosts capacity; how-
ever, increasing K to 36 degrades performance, suggesting that excessive sparsity
hinders the shared representation learning required for effective transfer.

4 Conclusion

In this work, we have presented ProMoE, a prototype-driven Mixture-of-Experts
framework to integrate clinical reasoning into multi-tracer PET lesion segmen-
tation. By introducing learnable expert prototypes informed by anatomical and
physiological priors, ProMoE supports interpretable and adaptive expert rout-
ing. Our dual-stage modulation module refines PET features by sequentially
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incorporating FiLM-based anatomical constraints and prototype-driven physi-
ological guidance. This significantly enhances lesion saliency while suppressing
confounding physiological noise from healthy organs. Validated on a large-scale
multi-tracer dataset, ProMoE achieves SOTA performance, and the prior-guided
CD70 transfer experiment provides evidence of its potential to adapt to unseen
tracers when curated physiological priors are available. The CD70 transfer eval-
uation was limited to 30 cases without center-disjoint validation, and tracers
with substantially different physiological uptake patterns may require extending
the physiological atlas or prototype space. Overall, ProMoE provides a scalable
and interpretable framework for multi-tracer PET lesion segmentation, offering
a practical path toward prior-guided generalization across tracers.
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