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What is Continual RL?

Problem Setting: learning in a sequence of MDP tasks
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Key Challenges in Continual (Reinforcement) Learning

• Loss of plasticity / Insufficient Forward Transfer: The agent gradually loses the

capability to adapt to the new environment.

• Loss of stability / Catastrophic Forgetting: when learning multiple sequential tasks, 

model performance on previous tasks significantly deteriorates upon training with new 

data.
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How to trade-off between plasticity and stability?



Foundations of Continual RL
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Principled Objectives Function

Efficient and Practical Dual-learner Algorithm

Main Contributions of Our Work



I. Foundations in Continual RL

Foundation 1: measure of task similarity/difference between two tasks (MDP)
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• Value-based MDP distance:

• Policy-based MDP distance:

Foundation 2: Definition of Catastrophic Forgetting (weighted distance)

Consider the value function and policy adaption from (k-1)-th task to k-th task

steady state distribution to form the weights



II. FAME: Principled FAst And MEta Knowledge Learners for Continual RL

Dual-learner Framework:

• Fast learner: knowledge adaptation

• Meta learner: knowledge integration

Trade-off between plasticity (forward transfer) vs stability (without forgetting)
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hippocampus–cortex analogy



Insight: incremental multi-task learning on a mixture of state-action distributions 7

Knowledge Integration: Catastrophic Forgetting Minimization

Method 1 (FAME-KL): Policy Distillation under Forward KL Divergence. 

Method 2 (FAME-WD): Wasserstein Distance (WD)-based Knowledge Integration. 

Policy-based Objective Function

Value-based Objective Function



• Fast learner: adaptation through a selective warm-up among

• Random Learner/Initialization

• Previous Fast Learner

• Meta learner

Knowledge Transfer: Adaptive Meta Warm-up
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• Fast learner: policy evaluation and one-vs-all hypothesis test

Knowledge Transfer via Adaptive Meta Warm-up
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Experiments

Evaluation Metrics

• Average Performance: evaluation of the current policy over all past tasks

• Forward Transfer: normalized area of the learning curves, similar to AUC

• Forgetting: performance difference from the policy at the end of each task

Environments and Algorithms

• MinAtar and Atari Games (DQN, PPO): pixel-based discrete action tasks

• MetaWorld (SAC): robotics arm manipulation tasks



Experiments: MinAtar and Atari Games
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Experiments: Meta-world
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Thank you!
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