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The solution

Finding policies

of a parametric MDP

that are

(over the whole parameter space)

amounts to solving a suitable POMDP.
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MDP: Markov Decision
FProCess
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Markov Chain .
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A MC is a pair (S, T) where
1 e Sis asetof states
— /7 e [:S—= PSis atransition function
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Robot example
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Robot example

v

12



Robot example
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Markov Decision Process ..
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Markov Decision Process ..

v

A MDP is a tuple (S,A, T) where
e Sis asetof states
e Ais a setof actions

e :SX A= 2Sis a transition

function
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Markov Decision Process ..
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Markov Decision Process ..
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Markov Decision Process ..
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Policy

A policy = for an MDP (5,A,T) is a function

7. (SXA)XS > ITDA

deterministic: only Dirac distributions 7. (SXA)XS—>A
memoryless: z(...s)=x(S) 7.5 > DA

simple: deterministic & memoryless .S A
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A policy =z and Initial distribution / gives us a probabillity space
(Runs, Cones, P, ;)
INn the usual way.

Runs - all infinite runs in (S X A)e

Cones - the ¢ algebra generated by the
sets of runs with a common finite prefix (history)
P.i - the usual measure on cones

A IS a measurable function
rr Runs =& R

20



Objective

A Horel objective Is a measurable function
r- Runs = R

Rewards R: S X A = R induce Borel objectives via

rr(So,20,81,a1,...) = Zizo R(si,ai)

Reachabillity objectives are a special case:
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policy

An IS a policy z with
E..i(r) = sup, E,.i(r)

The expectation of = The value of r

An optimal policy not always exists, but do:

A policy is E.i(r) is e-close to sup, E,.i(r)
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Markov Decision Process ..
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Markov Decision Process ..




Parameters



OMDP: parametric MDP



Parametric Markov Decision
Process ...
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S

A is atuple (S,A,X, T)where
« Sand A are states and actions
* XIs a aparameter space

e NSXAXX—=29S
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Parametric Markov Decision
Process ...
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Parametric Markov Decision

Process ..o
Pr(®)

o we want an optimal policy
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Expectation optimality
Pr(¥)

we want an expectation
optimal policy

optimizes the area
(for uniform distribution on p)
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A policy =, Initial

distribution / and a distribution over the

parameters d, gives us a parametric probability space

Runsx - disjoint
Conesx -the ¢ a

(Runsy, Conesy, P..iq).

union of the runs for all parameter values
gebra generated by the disjoint union of

cones

or all parameter values

P.io - the d-convex combination of the individual
measures on cones
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policy

An IS a policy z with
E.ida(r) = sup, Egia(r)

An optimal policy not always exists, but do:
A policy Is If

E. i q(r) is e-close to sup, E,.iq(r)
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| earner Example

Pr(9) .
Simple o.sé— . a
policies b
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| earner Example
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| earner Example

/ NoO policy

policies but

WWWWWWWWWWWWWWWWWWWW memoryless
P is not enough




How to compute these
policies’?



POMDP: Partially
Observable MDP



Partially Observable MDP .o

v




Partially Observable MDP -

v

A POMDP is a tuple (S,A,1,2,0) where
e (S5AT)isan MDP
e Qs a set of observations

e (0: 50 isthe observation function

A POMDP policy x is a function
T (2XA)X Q2> DA

Encoding main idea:

put parameter into POMDP states
observe only pMDP states
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POMDP

Encoding main idea:
put parameter into POMDP states

observe only pMDP states

o

o e X=1{0, 3, 9,1}
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The Encoding

Given a pMDP M (5,A,X, T) we construct
the POMDP M’ (S A", T",.22,0), where

= S5x X

((s,x),2)(s",x) = I(s,2)(x)(s) - 6x(X')

S~ > 0
[l
™

O((s,x)) = s

Note: There is a 1-1 correspondence between the
policies of Ml and M’.
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Correctness

Hence we can use off-the-shelf POMDP tools to

compute expectation optimal pMDP policies.

Theorem:
Given a pMDP M and its POMDP encoding M’

every policy of M’ is an
policy for M,
and vice versa.
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1ools

* \Work for finite horizon reward objectives

computing e-optimal policies for

* Online and Offline algorithms |

undecidable

e Al-Toolbox

Prism model = STORM — Al-Toolbox
* Incremental Pruning (IP) e e s

 Point Based Value lteration (PBVI)
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ExXperimental Results
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Reachability

Runtime
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Summary

Finding policies

We have a
of a parametric MDP proof of concept implementation

github.com/sarming/pMDP-Toolbox
that are

(over the whole parameter space)
Thank You!

amounts to solving a suitable POMDP.
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