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Motivation

2

High uncertainty 
e.g., Pathological variations (Lesions vary in size, 

shape, and appearance → high uncertainty)

Extreme Class imbalance
e.g., Lesion voxels ≪ background 

voxels → extreme class imbalance



Existing SSL Methods

➢ Popular frameworks, such as Mean-Teacher and Co-training often discard high-uncertainty 

voxels during training, which ignores potentially informative but ambiguous regions -- ultimately 

missing the global context.

➢ Traditional contrastive learning treats all contrastive pairs equally, limiting 

fine-grained discrimination under class imbalance.

Monte Carlo Dropout (MC-dropout) 

and Ensembles. 

Dual network/decoder 

disagreements

Can we leverage uncertainty, rather than discard it, to significantly enhance 

semi-supervised segmentation?



DyCON: Overview of Core Components

➢ Uncertainty-aware Consistency Loss (UnCL) – dynamically weights the importance of 

each voxel based on its predicted uncertainty.

➢ Focal Entropy-aware Contrastive Loss (FeCL) – adapts the contrastive loss to focus on the 

most informative and challenging pairs.



DyCON: Overview of Core Components

Uncertainty-aware Consistency Loss (UnCL):

➢ Early training: emphasizes uncertain voxels for exploration.

➢ Where is any distance-based loss function (e.g., MSE in our case).

➢ The consistency alignment is inversely weighted by the sum of exponentiated entropies.

Here 𝜷 serves as a scaling factor that amplifies or diminishes the impact of uncertainty. 

➢ Later training: emphasizes confident predictions for refinement.
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DyCON: Overview of Core Components

Focal Entropy-aware Contrastive Loss (FeCL):

(3)

(4) Top-K teacher hard negatives,

 introducing diversity

Focal weights for hard 

positive/negative pairs, reducing the 

effect of trivial pairs.
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Experiments

Table 1. Acute Stroke lesion MRI segmentation comparison
 with SOTA methods on ISLES-2022 dataset.

Table 2. Brain tumor segmentation comparison
 with SOTA methods on BraTS-2019 dataset.



Experiments

Lesion and Tumor 

segmentation 

visualization

Red: ground truth contour

Green: True predictions

Blue: False Negative (FN)
predictions



Experiments

Table 3. Pancreas organ segmentation comparison 
with SOTA methods on Pancreas-CT dataset.

Table 4. LA organ segmentation comparison 
with SOTA methods on LA dataset.



Experiments

Left Atrial organ 

segmentation visualization.



Ablation Experiments

Table 5.Validation of various components in DyCON Comparative performance when integrating DyCON 
into MT and CT frameworks with 10% labeled data.

Loss and dice accuracy on 
ISLES22 with 10% labels



Ablation Experiments

Sensitivity analysis of FeCL loss across different lesion 

sizes and distributions.
Evolving Grad-CAM visualization

Refer to the supplementary material 

for more ablation analysis.



Conclusion

➢ DyCON significantly improves performance by explicitly addressing class 

imbalance and voxel-level uncertainty.

➢ UnCL: Dynamically balances exploration and refinement via dual-entropy 

weighting, effectively preserving uncertain yet informative voxels.

➢ FeCL: Strategically emphasizes hard-to-distinguish pairs using adaptive focal 

weighting and entropy-based sampling, thus improving discrimination power.



Thank you!

Scan for GitHub Code
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