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Reinforcement learning (RL)
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State-transition function:

Reward function:
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Policy function:
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Objective: maximise the total reward
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(Image source: Sec. 3.1 Sutton & Barto (2017).)




Real-world Systems are usually non-stationary
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Non-stationary RL
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Time-varying environments

Stationary Non-stationary

State-transition function: State-transition function:
P, =P (S’ | s,a) =P [St+1 =s5'|S, =54 = a] P, =P (s’ | S,a,HS) =P [St+1 =s5'|S,=5,A,= a,@f]
Reward function: Reward function:

R(s,a)=E [Rz+1 | S, =5,A, = a] R (S,a,H’”) = [Rt+1 | S, =5,A, = a,@t”]




How to capture the non-stationary
and locate the exact changes
explicitly?




Factored Non-stationary MDP (FN-MDP)

» Bayesian Dynamic Network & over all

dimensions of states, actions, rewards and

changing factors;
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* Reward functions: % (s.a,.0]) = % (pa (n))

 Markov properties of change factors
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Structural Equations to model FN-MDP
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L earn the FN-MDP
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Learn the FN-MDP

CF inference network
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* |Infer the changes on dynamics:
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* Infer the changes on rewards:
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Learn the FN-MDP
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Learn the FN-MDP

Transition decoders
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Learn the FN-MDP

Reward decoders
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Policy Learning with FN-MDP

 With the learned FN-MDP, we can identity the minimal and sufficient sets
of states and change factors for efficient policy learning
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* To identity the minimal and sufficient sets:
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Evaluation
Objectives

Can the framework improve the learning performances under non-
stationary RL?

Can the framework learn a more compact latent representation against
other baselines?

Can the framework deal with a more general set of non-stationarity in RL"?



Evaluation
Baselines

* Tracking non-stationarity via inferring the latent parameters via meta-

learning on a set of tasks: TRIO (Poiani et al., IUJCAI’'21), VariBAD (Zintgraf
et al., ICLR’21);

* |Learn the latent parameters to capture the non-stationary components:
LILAC (Xie et al., ICML’21), ZeUS (Sodhani et al., ArXiv'22)



Evaluation
Benchmarks
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Evaluation
A more general non-stationary setting
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Evaluation
Compactness and robustness
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Evaluation

Learning from raw pixels
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Conclusions

 \We propose a general non-stationary RL approach that learns a factored
representation for adapting to changes in dynamics and reward functions.

 \We formalise a unified framework that can handle different non-stationary
settings, including discrete and continuous changes;

* Results outperform the state of the art on rewards, compactness of the

latent space representation and robustness to varying degrees of non-
stationarity.
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