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MDP and POMDP




Markov Decision Process (MDP)

Environment

State Action

Reward

Source: Nervana Deep Reinforcement
Learning with Open Al Gym




Partially Observable Markov Decision Process (POMDP)
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MDP vs POMDP Examples
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POMDP Example: Poker

Source: Cassius Marcellus Coolidge “Dogs Playing Poker”

MDP Example: Tic-Tac-Toe

Source: https://www.ocf.berkeley.edu/~yosenl/extras/alphabeta/alphabeta.html


https://www.ocf.berkeley.edu/~yosenl/extras/alphabeta/alphabeta.html

Partially Observable Markov Decision Process (POMDP)
e (SSAO,T,7Z,R)
e O: Set of Observations perceptible by agent

e /: Observation Function

/
2% = Pr(ot+1 = 0|sty1 = s',ar = a)




Partially Observable Markov Decision Process (POMDP)
e (SSAO,T,7Z,R)
e O: Set of Observations perceptible by agent

e /: Observation Function
= s — &l —
Zg, = Pr(ogy1 = o|sgr1 = s',a¢ = a)
e History

h: = {a1,01,...,a¢,0¢} or hiazr1 = {a1,01,...,0¢,0¢, Qry1}



MDP vs POMDP

MDP POMDP
Definition (S,A,T,R) (S,;A,0,T,Z, R)
History N.A. hy ={ai,01,...,a, 04}
Policy 7(s,a) = Pr(aiy1 = alsg = s) | w(h,a) = Pr(az+1 = alhy = h)

Value Function

Ve = ]Eﬂ—[RtISt = 8]

S

V7 = B [Ri|hs = h)
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MDP vs POMDP

MDP POMDP
Definition (S,A,T,R) (S,;A,0,T,Z, R)
History N.A. ={a1,01,...,a¢,0¢}
Policy m(sla) = Pr(aiy1 = alsy = s) | w(hla) = Pr(az+1 = alhy = h)
Value Function V5 = Ex[R¢|s; = s] Vi = Er[R¢|hy = h]

| —

Storing the entire history can be

memory-intensive!
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POMDP Belief State

Belief State

B(s,h) = Pr(s¢ = s|lht = h)
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POMDP Belief State

Belief State
B(s,h) = Pr(s¢ = s|lht = h)

Belief State Update

Bt(sl) — T(Bt—la at—1, Ot—l)

13




POMDP Belief State

Belief State
B(s,h) = Pr(s; = s|lhy = h)

Belief State Update
Bt(SI) = 7(Bt-1,at—1,0¢—1)
Policy and Value Function defined on Belief State
wiba) = Prlaie1 =alby = b)
Vy' = E[R¢|by = b]
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Solving POMDPs

e POMDP as Belief-State-MDP
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Solving POMDPs

e POMDP as Belief-State-MDP
e BUT

Belief states are in a continuous space!! Uncountable
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Solving POMDPs

e POMDP as Belief-State-MDP
e BUT
Belief states are in a continuous space!! Uncountable

e Two approaches, but both are inefficient
o Discretize belief state space: suffer from curse of dimensionality

o Exact methods: model belief state space as hyperplanes: intractable
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Other Solutions to POMDPs

e Other Online Approaches (point value iteration, etc.)
Require explicit model, curse of dimensionality for large state space

Survey (2008): https://www.aaai.org/Papers/JAIR/Vol32/JAIR-3217.pdf
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Monte-Carlo Tree Search




Monte-Carlo Tree Search - Overview

Repeated X times
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Figure fom Chaslot {2006)
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Monte-Carlo Tree Search - Selection

Repeated X times

~ Selection ||+ Expansion - Simulation - Backpropagation |




Monte-Carlo Tree Search - Expansion

-

— Selection

-+ Expansion -

............

Replaated X times

-+ Simulation -+ Backpropagation

Figure from Chaslot (2006)
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Monte-Carlo Tree Search - Simulation

— Selection = Expansion

...........

POMDP: history-based
rollout policy

Trollout (h, CL)

Re
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Figure from Chaslot {2006}
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Monte-Carlo Tree Search - Selection

Repeated X times

<+ A

— Selection = Expansion - -+ Simulation |+ Backpropagation
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Related Work
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POMCP - Partially Observable
Monte-Carlo Planning

Paper by
David Silver, Joel Veness (2010)
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Monte Carlo Tree Search for POMDPs?

How do we represent Monte Carlo Tree
S;Sfe.nr\ .. s
\ransiton Pf abu\:-l‘he.s

e(:, = P(Sten\St,a)
=N

&)
, m !
v | O rveio® )

Z:’o: P(Otﬂ lSt.n ,0\1)

Obseruation Probabil:tes

without access to states?

1. History
2. Belief State - P(slh) /r

Bolik Grote  13teg
R k) =P (oe\ne)| &
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Monte Carlo Tree Search for POMDPs?

How do we represent Monte Carlo Tree
S;Sfe.m .. s
\ransiton Pr-sbu\a-l.he.s

B: = P(Sten\St,a)
- Y.

&)
, m !
v | O rveio® )

Z:’o: P(Otﬂ 'St_n ,0\1)

Obseruation Probabil:tes

without access to states?

1. History - Needs History based
simulator /r

2. Belief State - P(slh) - Expensive Rk Cocie History
B(SJ\-\\ :?CSL\Y\‘L\ i/
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Updating Belief State

Exact Update - Bayes’ rule:

Sum over possible current states.

B@hao) =

For each possible next state.

¥ ieel B PO Bl )

Y ecs Listtes 2o, PonB(#,h)

Normalize

Infeasible for large State spaces!
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Partially Observable Monte-Carlo Planning

: Use history nodes.
.26.31)
a, a

@ @ Use state simulator

S={42} @ @ 53(27‘35‘“} (st+1’ 0t+17 Tt+1) = g(st, at)

To approximate Belief State P(slh).




Belief State Update

Approximate Update - Particle Filter

If we take action a and see observation o, what’s the new Belief State P(slhao)?

Ht+1 = hao




Belief State Update

Approximate Update - Particle Filter

If we take action a and see observation o, what’s the new Belief State P(slhao)?

Ht+1 = hao




Belief State Update

Approximate Update - Particle Filter

If we take action a and see observation o, what’s the new Belief State P(slhao)?

Cve O Ht+1 = hao

V(g

\ S ivulator ‘(—/




Belief State Update

Approximate Update - Particle Filter

Take real action a and see real observation o, what's new Belief State B(slhao)?

ey 2 Dl Ht+1 = hao
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POMCP

Combine Monte Carlo Tree Search and Particle Filter Belief Updates and share the

simulations.

Each node stores:

< Z

B(slh)
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Partially Observable Monte-Carlo Planning

HWN

Selection (UCT)
- (PO-)UCT
=+ Sample particle s from B(slh)
= Black box Simulator for s’ and o’
Expansion
Simulation (Rollout)
Backprop
- Update each B(s’lhao) by adding
corresponding simulated s’ to particle
set.

37




Partially Observable Monte-Carlo Planning

h

@ S={17,34,26,31)
8y a
N=6
V=2
0y 0, 0, 0,

S={42) @ @ 5=(27,36,44}
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Selection (UCT)
-+ (PO-)UCT
=+ Sample particle s from B(slh)
= Black box Simulator for s’ and o’
Expansion
Simulation (Rollout)
Backprop
-+ Update each B(s’lhao) by adding
corresponding simulated s’ to particle
set.
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Partially Observable Monte-Carlo Planning

s=(173 26,01}
1. Selection (UCT)
/\ - (PO-)UCT
=+ Sample particle s from B(slh)
= Black box Simulator for s’ and o’
2. Expansion

Simulation (Rollout)

S-(42> A Q K ~(27.36,44) . i i
; -+ Update each B(s’lhao) by adding

Backprop
E @ corresponding simulated s’ to particle
o set.

v; v* #*
el

W

S-(7)
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Partially Observable Monte-Carlo Planning

h

@ $={17,34,26,31)
a, a, 1. Selection (UCT)
- (PO-)UCT
@ N-s + Sample particle s from B(slh)
o, 0, o, 0, = Black box Simulator for s’ and o’
. Expansion
S’'=24
S—*42> @ Vs )S=@r.36.44) 3. Simulation (Rollout)
a, [\ J a, 8 . Backprop
-+ Update each B(s’lhao) by adding
@ corresponding simulated s’ to particle
i E 2 set.
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Partially Observable Monte-Carlo Planning

h

@ $={17,34,26,31) .
a, a, 1. Selection (UCT)
- (PO-)UCT
ﬂ‘ » Sample particle s from B(slh)
= Black box Simulator for s’ and o’
2. Expansion

Simulation (Rollout)

S-(42) ! S {27,36,44} . i i
. Backprop
-+ Update each B(s’lhao) by adding

( z ' corresponding simulated s’ to particle
) @

W

i set.
: E S = 37
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Partially Observable Monte-Carlo Planning

=(17,34,26,31)
1. Selection (UCT)
'}\ =+ (PO-)UCT
=+ Sample particle s from B(slh)
= Black box Simulator for s’ and o’
2. Expansion
S*m ! s (27.36.44) 3. Simulation (Rollout)
'R‘ 'R:, (24, 27, 36, 44}, Backprop
=+ Update each B(s’lhao) by adding
. . 'R‘ ' corresponding simulated s’ to particle

set.
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Partially Observable Monte-Carlo Planning

Prune Tree after
Taking Action a2 and
seeing observation 02
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Discussion

Break “curse of dimensionality”.

Syste
4 Teanoiton Crvabilites

Pso; = P(Sttl\st)o\)
=Nt

@j |
| Operuetion |,

Z:'O:P(Otﬂ |St,q.01)

Obseryantion ‘P(o\:d:'. I'tes

Requires only black box simulator.

(3t+1, Ot 41, 7’t+1) =S g(st’ at)

Boliek Srae  Mistey
Rk =P (oe\ne)| &
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Thank you!




Experiments - Rocksample

Average Discounted Return
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Experiments - Rocksample

Average Discounted Return
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