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Markovov rozhodovaci proces
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Markovov rozhodovaci proces

@ matematicky rdmec pre modelovanie rozhodovania
@ Stvorica < S, A, P,R >

@ S - kone¢nd mnozina stavov

@ A - konednd mnozina akcii, v stave s € S mdzeme

vykonat A

e P(s'|s,a) - pravdepodobnostnd prechodové funkcia

e R(s|s,a) - funkcia odmeny
o ciel — njjst stratégiu 7(s) = a, ktord maximalizuje

sumu diskontnych odmien

o0
Ry = Zn:o Y'rein
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Markovov rozhodovaci proces

Markovov rozhodovaci proces
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Riesenie MDP

@ rozhodovanie podla priemernej budiicej odmeny
akcii v danom stave

V(s:) = rt+7rt+1+’72ft+2+...] =
= rn+y(r+yr+..) =
= re+7V(st11)

@ presny vypocet — Bellmanove rovnice, value iteration
(Bellmann, 1957)

V(s) = max > P(s'ls,a)(R(s'|s,a) + yV(s)
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Ucenie posiliiovanim (Reinforcement learning)

Ucenie posilnovanim

@ aproximacia MDP

@ trénovanie len v okoli zvolenych trajektérii — lepsia
aproximacia v relevantnych stavoch

nie je potrebny model prostredia (P, R)
on-line metéda

moznost vyuzitia funkénych aproximatorov

temporal difference error (Witten 1977, Sutton a
Barto 1981)

0 = 1 +yV(st11) — V(st)
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Ucenie posiliiovanim (Reinforcement learning)

Najpouzivanejsie algoritmy RL

@ Q-learning (off-policy) (Watkins 1989)
Q(s,2) = (1 - 2)Q(s. 2) + alr + 7 max Q(<'. )

@ SARSA (on-policy) (Sutton 1996)
Q(s,a) = (1 - 2)Q(s,a) + a(r + yQ(s', 7(s)))

@ Actor-critic architecture (Witten 1977, Barto et al. 1983)
b =r+~yV(s') — V(s)
Vt_|_1(5) = Vt(S) + OéC(S
Qer1(s,a) = Qu(s, a) + aad
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Uéenie posiliiovanim (Reinforcement learning)

Exploracia prostredia

@ nevieme zistit, ¢i aktualna stratégia je optimalna
@ c-greedy exploracia
@ Boltzmannova exploracia

P(n(s) =a) =
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Uéenie posiliiovanim (Reinforcement learning)

Semi-Markovov rozhodovaci proces

@ rozsirenie MDP — rozne akcie mozu "trvat” rozne
dlho

@ Q-ucenie pre SMDP
Q(s,a) = (1 —a)Q(s,a) +a(r+9" max Q(s', d))

_ t+7-1
r=tr+yrty1+...+7 Fetr
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Uéenie posiliiovanim (Reinforcement learning)

Advantage learning (Baird 111 1999)

@ rozSirenie Q-udenia
@ mala chyba pri odhade Q moze spésobit velké
zmeny v stratégii

Q(s,a) = (1 — ay)Q(s, a) + ay (g;a\z( Q(s, a)+

r+ " maxyea, Q(s',a') — maxaeq, Q(s, a))
kT
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Uéenie posiliiovanim (Reinforcement learning)

Advantage learning (Baird Il 1999)

e s ® 0000000
— kV-Q
ooooooooooooooooo [=— NN —
= V-A=10 (V-Q)
Ly 12 13 2n 22 23
(State, Action)

@ pre 1/kT =10
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Funké&né aproximatory (Neurénové siete)

Viacvrstvovy perceptron (MLP)

@ univerzalny funkény aproximator

@ dopredny prechod
h = f(Vx) f(net) = 1

1+ 11 a—net

y = Wh h,
@ spatné $irenie chyby *1©

5}/ - d_y s ﬁ
6h = W75, +h T OOy,
w(1=h) o A 0
@ Uprava vah | i
W =W +ad,h” M .
V=V +adx" 10— &
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Funké&né aproximatory (Neurénové siete)

@ aktivacia RBF neurdnu

h; = exp(—ol|x — c,-Hz)

@ pri uceni st zmeny lokdlne
@ potrebné vacsie mnozstvo neurénov (oproti MLP)
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Funké&né aproximatory (Neurénové siete)

Neurdnové siete a RL

@ reprezentacia Q-funkcie, stratégie
@ znizuje pamatové ndroky, generalizacia
@ spojité prostredie
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Problémy , klasického™ ucenia
posilnovanim

prekliatie dimenzionality
nahodnd chodza

Sirenie odmeny

prenos vedomosti

[E== SHENEEN|

T

[Moerman 2009]
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Hierarchické ucenie posilnovanim

@ Casovo rozSirené akcie
@ pristupy vyuzivajiice opcie (options)
@ pristupy vyuZzivajlce vrstvy

@ hierarchia nad stavmi aj akciami
@ hierarchicky optimalna vs optimalna

AN

[Botvinick et. al. 2009]
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Porovnavané modely

abstract state o, policy,
space: States, W™l T i

@ Hierarchical Assignment

of Behaviours by

Self-organizing rtiors, R (R
[Moerman 2009] Pasen \ 2 S
O;;O\xg\b policies ‘ ﬁ)

"flat" state olic policy,,,
space: States, POty m

primitive - - abstract
actions _xXsagPso—mapping actions
state space abstract state space behaviour space
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Porovnavané modely

repeat
rewardy. =0 ;
Policyy; selects SubPolicy SUB; ;
repeat

SUB; selects and executes a primitive action ;
rewardy, < rewardy, + receivedReward ;
if new abstract state then BREAK ;
else update SUB; with 0 ;
until timeoutsys

if timeoutsys then punish SUB; ;
else
if EXEC € CLUSTERsy5 then
reward SUB; ;
move CLUSTERsyp towards EXEC ;
else punish SUB; ;
update Policyy, with rewardy; ;
until task solved or timeouty
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Nase apravy HABS

@ zruSeny trest za timeout

@ zmena samoorganizacie spravani — smer miesto
vektora

@ Uprava uciaceho pravidla stratégie na vyssej vrstve —
autor nevyuzival SMDP
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Kombinovany funkény aproximator

RBF-MLP

o riedke kdédovanie s vyuzitim lokdlnych neurénov

(Cetina 2008)

R

k RBFs

m input units
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 Experiment |
Prostredie

@ Stav - pozicia agenta (x,y)

@ Akcie - pohyb na 4 svetové strany

@ Prechodova funkcia - deterministicka, pri naraze do
steny agent ostava na mieste

@ Odmenova funkcia - odmena 1 pri prechode do
findlneho stavu, inak 0

F S
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_ Eveiment ]
Vysledky

@ MLP — 15 skrytych neurdénov

@ RBF-MLP — 15 skrytych neurdénov, 6 RBF

@ HABS - 4 podstratégie (2 skryté neurdny), hlavna
stratégia (5 skrytych neurénov)
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Porovnanie RBF-MLP a HABS

@ velmi podobny spdsob vyberu akcie (lokdlny +

globalny vyber)

@ nizSia vypoctova naroénost na jeden krok (HABS)

k RBFs

m input units
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abstract state policy,

space: States,

Classifier

Policies,

Actions, m ‘

"flat' state  policy,, 7 policy,,,
space: States, POl Policim
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 Experiment |
/aver

@ problematika MDP, RL, HRL

@ experimentalne porovnanie troch modelov — MLP,
RBF-MLP a HABS

@ hierarchické delenie priestoru znizuje dlzku
konvergencie

@ casovo rozsirené akcie znizujl vypoctovl naro¢nost
jedného kroku
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Dakujem za pozornost.

Viliam.Dillinger@fmph.uniba.sk
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