
InterpretCC
g i t h u b . c o m / e p f l - m l 4 e d / I n t e r p r e t C C

Intrinsic User-Centric Interpretability through Global MoE

ICLR 2025

1



Explainable AI is crucial in 
human-centric settings 

• interpretations are not faithful (post-hoc)
• interpretations are faithful, but not user-friendly (intrinsic)

Current XAI approaches

Pass

Fail

Identifying “why” is 
important for effective, 
personalized interventions



How can we design an 
intrinsically 
interpretable model 
that maintains 
performance while 
prioritizing users’ 
needs?



InterpretCC: Feature Gating for 
Interpretability
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Adaptive Feature Gating – accuracy vs. interpretability tradeoff

Intrinsic, User-Centric Interpretability through Global Mixture of Experts. Swamy V. et al. (ICLR 2025)



InterpretCC: Mixture-of-Experts for Interpretability
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Filter the feature space and send relevant parts to relevant experts 

The student’s regularity and video watching behavior were the only two aspects  
used to make the prediction that the student will fail the course.



InterpretCC: Results
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1) Maintains model performance (BAC, F1)

Intrinsic, User-Centric Interpretability through Global Mixture of Experts. Swamy V. et al. (ICLR 2025)



InterpretCC: Results

7

2) Preferred by 56 teachers over other interpretable-by-design 
approaches

Intrinsic, User-Centric Interpretability through Global Mixture of Experts. Swamy V. et al. (ICLR 2025)



Main Takeaways

With interpretable-by-design NNs,
guaranteed interpretability

does not have to come at the cost of performance
or human-understandability

I N T E R P R E T C C
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Thank you!

Vinitra Swamy
vinitra.swamy@epfl.ch
github: epfl-ml4ed
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