
Towards Robust Bisimulation Metric Learning

Bisimulation Metrics

Main Theoretical Results
1) VFA guarantees hold for non-optimal policies

Summary
• Bisimulation metrics have been used to promote distraction-invariance.  
• We extended theoretical VFA bounds for bisimulation metrics to  

(i) non-optimal policies and (ii) approximate dynamics. 
• Our analysis revealed pathologies under sparse rewards and learned dynamics. 
• We propose remedies and show performance gains on a suite of tasks.
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Empirical Results
Modified OpenAI Gym Classical Control Tasks with sparsity & distraction

Deepmind Control Suite (DMC) with background video distractions

On-Policy Bisimulation: Issues & Remedies

Embedding Normalization

Intrinsic Rewards

Inverse Dynamics (ID) Regularization

• We use curiosity-driven forward model error to enrich the reward signal

• Bisimulation metrics are 
theoretically bounded.  

• Using predicted dynamics  
may violate this and cause 
divergence. 

• Solution: threshold the 
embedding magnitude

Predicted next state Current latent state

Why learn state similarity metrics in RL? 

Policy-Independent Bisimulation Metrics [1]

On-Policy Bisimulation Metrics [3]

Immediate reward difference Recursive “future" distance

Aggregation

2) Distractor invariance

3) Theoretical guarantees in value function approximation (VFA)

1) Compact representations

• Solving the ! -aggregated MDP is approx. equivalent to solving the ground MDP

• Learn state representations that respect bisimulation as in DBC [2]

• Sparse reward sequences lead to premature collapse in bisimulation space.

2) VFA guarantees as a function of        and model error        

• VFA guarantees above hold for bisimulation metrics when 

• Large        amplifies VFA guarantee loss due to modelling errors.

• Prevent pathologies by regularizing embedding space to stay informative  

• Also promotes distraction-invariance [4]
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3) Expected bisimulation distance (over stationary distribution)


