
Experimental Results & Conclusion

Contributions
1. Semi-MoE: A multi-task Mixture-of-Experts framework combining 

segmentation, boundary, and signed distance experts for robust 
tissue representation.

2. Multi-Gate Pseudo-Labeling (MGP): Dynamically aggregates expert 
predictions to refine pseudo labels and enhance semi-supervised 
learning reliability.

3. Adaptive Multi-Objective Loss: Balances task-specific objectives via 
uncertainty weighting, reducing manual tuning.

4. Results: Achieves state-of-the-art Dice and Jaccard scores on CRAG 
and GlaS histopathology datasets.
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Abstract
Semi-supervised learning has been employed to alleviate the need for extensive labeled data for 
histopathology image segmentation, but existing methods struggle with noisy pseudo-labels due to 
ambiguous gland boundaries and morphological misclassification. This paper introduces Semi-MOE, 
to the best of our knowledge, the first multitask Mixture-of-Experts framework for semi-
supervised histopathology image segmentation. Our approach leverages (1) three specialized 
expert networks: A main segmentation expert, a signed distance field regression expert, and a 
boundary prediction expert, each dedicated to capturing distinct morphological features. 
Subsequently, the (2) Multi-Gating Pseudo-labeling module dynamically aggregates expert features, 
enabling a robust fuse-and-refine pseudo-labeling mechanism. Furthermore, to eliminate manual 
tuning while dynamically balancing multiple learning objectives, we propose an (3) Adaptive Multi-
Objective Loss. Extensive experiments on GlaS and CRAG benchmarks show that our method 
outperforms state-of-the-art approaches in low-label settings, highlighting the potential of MoE-
based architectures in advancing semi-supervised segmentation.

Proposed Method

Goal: Dynamically balance segmentation, boundary, and SDF 
objectives without manual weight tuning.
   Idea: Each task learns its own uncertainty parameter (σ), 
which automatically adjusts its contribution to the total loss.
   Formulation:

   Benefit: Provides stable training and adaptive weighting 
across heterogeneous experts, improving convergence and 
performance consistency.
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Dataset & Evaluation

CRAG: 213 images (173 train / 40 
test, 1512×1516 px), challenging 
gland morphology variability.
GlaS: 85 train (37 benign, 48 
malignant) / 80 test images, 
775×522 – 589×453 px, diverse 
cancer stages.
Training setup: 10 % and 20 % 
labeled data, 3-fold cross-
validation.

Implementation

Backbone: U-Net, trained 200 
epochs on RTX 3090 Ti.
Pre-processing: Resize 256×256, 
random crop 224×224, augment 
with flips & rotations.
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