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Continuous-spaces MDP


ℳ = ⟨𝒮, 𝒜, ℛ, P, ℓ⟩

Discrete latent MDP


ℳ = ⟨𝒮, 𝒜, ℛ, P, ℓ⟩

• For policy ,  , and formal logic :π γ ∈ [0,1[ ℒ
➡ Bisimulation distance: largest behavioral difference (Desharnais et. al, 2004)

d̃π (s1, s2) = sup
V∈ℱℒ

γ (π)
Vπ (s1) − Vπ (s2) ∀s1, s2 ∈ 𝒮

where  is a logical family of functional expressions defining the semantics of ℱℒ
γ (π) ℒ



Bisimulation distance

3

s̄
ā
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ā

⇡̄

a

s̄?s0

P̄P

s̄0
�

 

M M

R(s, a) R(s̄, ā)
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ψ(s̄, ā) = a



Latent Flow

Execution of a latent policy  in the original modelπ̄
• Latent policy , stationary distribution π ξπ

L ξπ
P = 𝔼s,a∼ξπ

WdS (ϕP ( ⋅ ∣ s, a), P ( ⋅ ∣ ϕ(s), a))
Lξπ

ℛ = 𝔼s,a∼ξπ
ℛ (s, a) − ℛ (ϕ(s), a)

• Abstraction quality:  𝔼s∼ξπ
d̃π̄ (s, ϕ(s)) ≤

Lξπ
ℛ+γL ξπ

P

1 − γ
• Representation quality: for all  such that                    s1, s2 ∈ 𝒮 ϕ(s1) = ϕ(s2)

   d̃π̄ (s1, s2) ≤ (
Lξπ

ℛ+γL ξπ
P

1 − γ ) ⋅ (ξ−1
π̄ (s1) + ξ−1

π̄ (s2))

4

s s̄�

ā
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𝔼s̄,ā,s̄′￼∼ϕι( ⋅ ∣ s, a, s′￼) ∥⟨s, a, s′￼⟩ − ⟨𝒢θ (s̄), ψθ (s̄, ā), 𝒢θ (s̄′￼)⟩∥ + Lξπ
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ω (s̄, ā, s̄′￼)

L ξπ
P = max

ω : ∥φP
ω∥≤1

𝔼s,a,s′￼∼ξπ
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Distillation: performance of π̄

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

• Faster

• Better performance

• Learning guarantees

• Similar or even better model quality

Distillation of RL Policies with Formal 
Guarantees via Variational Abstraction of 
Markov Decision Processes.
Florent Delgrange, Ann Nowé, Guillermo A. 
Pérez (2022). AAAI 2022.

https://delgrange.me/publication/dblp-journalscorrabs-2112-09655/
https://delgrange.me/publication/dblp-journalscorrabs-2112-09655/
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