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Markov Decision Processes

e State space &

® Reward function £: & X o — |

® Probability transition function

P(s"| 5,a)

Q e Atomic propositions AP and
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Markov Decision Processes

Events, Policies, and Value Functions

% (goal) e Trajectories (8., dy.oo) € Traj(M)st. P (st w1 |85 at) > 0,Vre N
g0a
P% e Events o C Traj( M)
R(s, .
e - Example: [ ]—failure = {SOzoo,aOm | Vi, failure &€ £ (Sl-> }

® Policies prescribe which action to choose at each step

m 1. S = D(A),a ~a(-]|s,)

b = |Induce a probability measure P% over the events of

O = Goal of RL: arg max -E[ZZO v R (s, a,) ] fory € 10,1]
T
{failure}

® Value functions:
- Vﬂ (S) — _71' [ZZO yt‘%(sta Clt) ‘ SO — S]

VZ(s), where lim V7 (s) = IP’;{%S ((p)
y—0




Abstraction Quality Criterion

equivalent?
- — —
$ state embedding >
»:S =S, 55

action embedding

”QDTSXA%A, (s,a) — a

Continuous-spaces MDP Discrete latent MDP

M=(S, A, R,P,L) M=(S,Ad,R,P,C)

= A latent policy 7: & — () can be executed in A viaa ~ 7( - | ¢(s)),a = w(s, a)



Bisimulation

Bisimulation Relation

B € &% is a stochastic bisimulation iff for all s,, 5, € &, a € o, T/B
£(s)=7¢(s,)  R(s;,a) = AR(s,,a) and P(T|s,a)=PT]| s, a)

o (Larsen and Skou 1989;
~J
La rgeSt° Givan, Dean, and Greig 2003)

e Behavioral equivalence between states

e Compare two MDPs: take the disjoint union of their state space: & W K3

= Trajectory, value, and optimal policy equivalence
= For a given formal logic &, two bisimilar models satisfy the same set of properties, i.e.,

= They behave the same



Bisimulation

Bisimulation Relation

B € &7 is a stechastic bisimulationif for all 5,5, € 8, a € o, T/B
£(s)=7(sy)  R(s,a) # R(s,,a)+e and  P(T| s,a) #P(T | s,,a)+¢€

o (Larsen and Skou 1989;
~J
La rgeSt° Givan, Dean, and Greig 2003)

e Behavioral equivalence between states

e Compare two MDPs: take the disjoint union of their state space: & W K3

= Trajectory, value, and optimal policy equivalence
= For a given formal logic &, two bisimilar models satisfy the same set of properties, i.e.,

= They behave the same

@ All or nothing: two states nearly identical with slight numerical difference ¢ are #



Bisimulation distance

Continuous-spaces MDP Discrete latent MDP

TN distance?
- e
state embedding >
»:S — 8,55

action embedding

VS x A A (s,a) = a

M=(S. A, R,P,) A= (S.d RPL)

e For policy z, y € [0,1], and formal logic £

m» Bisimulation distance: largest behavioral difference (Desharnais et. al, 2004)

~J/

d,(s).5,) = sup |f(s)—fls)| Vs.5€ES

feFy (m)

where & 5,9 () is a logical family of functional expressions defining the semantics of &

~/

= Kernel is bisimilarity: d (Sl, S2) =0 &= s~



Checking the bisimulation distance via Local Losses Bounds

e Latent policy 7, stationary distribution &

P _ _
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® PAC scheme from samples: let trace (sy.7, @y.7—1> Yo.7—1) ~ &=, €,0 € 10,1[ and
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Variational Markov Decision Process

Do=— E [logP(s"|5)+
s,a,r,s’'~&, _
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Evaluation

metric = distortion metric = rate metric = ELBO 0.8
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Evaluation
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Conclusion

e VAE-MDPs, a framework for learning discrete latent models of unknown continuous-spaces environment
with bisimulation guarantees

» Can be learned by executing an RL policy in the environment
» Yields a distilled version of the RL policy
» New local losses bounds for (i) bisimulation guarantees (ii) discrete setting (iii) action embedding function
» PAC schemes, derived from the execution of the distilled policy
e Our tool can be used to highlight the lack of robustness of input policies when the distillation fails
e fFuture work:
» Safe RL via formal methods
» Real-world case study

» Multi agent systems
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