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ω (s, a, s̄, ā, s̄′ ) − 𝔼s̄′ P∼Pθ( ⋅ ∣ s̄, ā) φP
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𝔼s̄,ā,s̄′ ∼ϕι( ⋅ ∣ s, a, s′ ) [φP
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ω (s, a, s̄, ā, s̄′ P)] 5
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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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P„

R„
s̄ !
a! r̂

s̄ ; s̄ 0�!

�A
«

s̄ !

a!
a

: : :

one-hot encoding

s̄ !
a!  „ â

: : :

1

0

1eval.

training

–! 0

binary encoding

–! 0

:2
:8
:3

:1

s̄ ; s̄‰ !
a; a‰ !

ı„s̄‰ !

evaluation

training

0{ ) ‘(s) = ‘(s̄)

) ‘(s 0) = ‘(s̄ 0�)

:2

:8

: : :

1
0

l ; l 0

– ! 0

H–

’P
!

’P
!

L
‰ı
P

r

L
‰ı
R

0
1
0

0

: : :

s̄ 0�!

s̄ 0̄P!

‰̄ı̄„

0 0 : : : 0 0

MAF
’‰!

’‰!
W‰ı

s̄‰label logits

s̄ 0̄P;
s̄ 0‰

a‰

s̄!
a!
s̄ 0̄P!

MAF

1

s̄ ; s̄ 0�

Gumble
softmax

logistic sampling

logistic sampling

Gumble
softmax

⇠
⇠

⇠

⇠

s̄‰!
a‰!
s̄ 0‰!

min
ι,θ

𝔼s,a,s′ ∼ξπ
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Dis2lla2on: performance of π̄

WAE-MDPs disAll policies up to 10 Ames faster than VAE-MDPs

• Faster 
• BeQer performance 
• Learning guarantees 
• Similar or even beQer 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.
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