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B € &7 is a stechastic bisimulationit for all 5,5, € 8, a € o, T/B
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(Larsen and Skou 1989;

La rgeSt: A Givan, Dean, and Greig 2003)

e Behavioral equivalence

=) Trajectory, value, and optimal policy

eq U iva I ence state embedding
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action embedding

w‘:SxA%A, (5,a) — a

>

= Agents behave in the same way in
bisimilar models

Continuous- Discrete latent MDP
spaces MDP

M={S,d, RP,E) 7= (S, 94, %P

@ All or nothing: two states nearly identical with slight numerical difference ¢ are +
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Execution of a latent policy i in the original model: Local Losses
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Execution of a latent policy i in the original model: Local Losses
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Learning the Latent Space Model

e Train a behavioral model &, by learning from traces produced by executing the RL policy & in the
original model

e Goal: learn &, so that we can retrieve:

- The latent MDP M = (S, A, R, P, )
- The embedding functions @,

- A latent policy 7z distilled from 7

e Minimize a discrepancy D between .// @ m and &,

m@in Dy, (/% & =, 59)

=max E__ /e, [log So (T)] > m%X ELBO (%9’ P l/j@)
0 -

e Choose the Kullback-Leibler divergence

P()
Dy, (P,O) =E,_, |1
s (P Q) P[Og(Qm)]

(Kingma & Welling, 2014; Hoffman et al., 2013)
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max ELBO (y. §,.y,) = —min {D,y+ R,
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e Variational proxies to local losses
= No learning guarantee: abstraction-quality, representation-quality
= Mode collapse

= Fix: annealing scheme, extra entropy regularization term,
prioritized experience replay, ...
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e Train a behavioral model &, by learning from traces produced by executing the RL policy & in the
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- The embedding functions @,
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Evaluation

Distillation: performance of i

200

return

. 100

avg

env = CartPole env = MountainCar env = Acrobot env = LunarLander 1e3 env = Pendulum

— WAE-MDP

— VAE-MDP

—— RL policy
Policy

—— distiled

------ original (DQN)

................. original (SAC)

WAE-MDPs distill policies up to 10 times faster than VAE-MDPs

® Faster

® Better performance

® [earning guarantees

® Similar or even better model quality 10
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goal: [0]
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