
DriftMoE: A Mixture of Experts Approach to Handle 
Concept Drifts

* Equal contributions

1CeADAR (Ireland's Centre for AI), University College Dublin

Miguel Aspis*, Sebastián A. Cajas Ordóñez*, Andrés L. Suárez-Cetrulo, Ricardo 
Simón Carbajo 

PROBLEM & MOTIVATION

KEY FEATURES & ARCHITECTURE EXPERIMENTAL SETUP

SOLUTION OVERVIEW

RESULTS & PERFORMANCE

KEY FINDINGS

Open CloudEdgeIoT Platform Uptake in Large Scale Cross-Domain Pilots (O-CEI)” funded by the European Commission under Project code/Grant Number 101189589 through the HORIZON EU program.

CONCLUSIONS USE CASES FUNDING

● Concept drift 
challenges

● On-stationary 
streams

● Resource 
constraints

DriftMoE Framework:
● Online MoE 

architecture
● Co-training 

approach
● Neural router + 

experts

Main Contributions:
● First streaming MoE 

for concept drift
● Novel co-training 

framework
● Multi-hot feedback
● Competitive 

performance with 
fewer resources

● Multi-hot correctness 
● Mask training
● Cooperative feedback
● Symbiotic learning
● Resource efficiency:
● Cooperative feedback 12 vs 100+ 

experts

Technical Details:
● Hoeffding Tree experts
● BCE loss optimization
● Online mini-batches

Current Limitations
● False positive 

detection
● Coarse adaptation
● Simple voting 

schemes
 

Two Variants:
● MoE-Data 

(multi-class)
● MoE-Task 

(one-vs-rest)

● 9 benchmarks (6+3 real)
● Prequential evaluation
● 5 state-of-art baseline
● Accuracy, Kappa metrics

Summary: 
✔ Competitive accuracy
✔ 8x fewer resources
✔ Fast drift adaptation

Future Directions:
✔ Uncertainty routing
✔ Dynamic allocation
✔ Cost-sensitive losses

Applications:
● IoT data streams
● Financial markets
● Social media feeds
● Edge computing

Impact:
● Scalable online 

learning
● Efficient drift 

handling

Deployment:
● Resource-constrained 

environments
● Real-time inference
● Adaptive edge devices
● Streaming analytics


