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Reinforcement learning

State: s
Reward: r

Actions: a

p

Environment

o Zdkladné predpoklady

e Agentinteraguje s prostredim a ziskava po kazdy akcii odmenu
e Uzitok agenta je definovany ziskanymi diskontovaymi odmenami
e Ciel: vykonédvat akcie maximalizujuce jeho ocakavany uzitok

e Agent nema vedomosti o modele. U¢i sa na zdklade vzorkovania (samplovania) prostredia
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Priklady
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Reinforcement learning

» UvaZujeme stéle zékladny model MDP
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Dynamiku modelu p(s’,r|s, a)

v

Odmenu, resp odmenovaciu funkciu R(s, a, s")

v

Ciel: ndjdenie optimalneho strategického profilu m:(s)
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Offline (MDP) vs online (RL)

h '

RieSenie offline (dynamika je zndma) RieSenie online (zistujeme parametre modelu)
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Model-based learning (ucenie na baze modelu)
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Model-based learning (ucenie na baze modelu)

» Ucenie na baze modelu:
Postupné ucenie parametrov modelu na zaklade interakcie

Aplikacia dosial uvedenych algoritmov na nau¢enom modeli

» Krok 1. U&enie

Urcenie dynamiky modelu, rataj pravdepodobnost vyskytu stavu s’ pre kazdé s a a

Normovanie vedie k ziskaniu aproximovanych hodnét p(s’,r|s,a) a (s, a, s’)
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Model-based learning (ucenie na baze modelu)

» Ucenie na baze modelu:
Postupné ucenie parametrov modelu na zaklade interakcie

Aplikacia dosial uvedenych algoritmov na nau¢enom modeli

» Krok 1. U&enie

Urcenie dynamiky modelu, rataj pravdepodobnost vyskytu stavu s’ pre kazdé s a a

Normovanie vedie k ziskaniu aproximovanych hodnét p(s’,r|s,a) a (s, a,s’)

» Krok 2. Implementécia algoritmov

Value iteration, Policy iteration, resp. Policy evaluation
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Model-based learning (ucenie na baze modelu)

Input Policy &t Observed Episodes (Training)

Episode 1 Episode 2

§ B, east, C, -1 N B, east, C, -1
C, east, D, -1 C, east, D, -1
'S D, exit, X, +1OJ g D, exit, X, +1OJ

\

Episode 3 Episode 4
)
(E, north, C, -1 fE, north, C, -1 k
C,east, D, -1 C, east, A, -1
Assume: y=1 i i -
\D’ exit, x,+10 3 \A, exit, x,-10 S
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Model-based learning (ucenie na baze modelu)

Input Policy 7t

Assurme: 'y =1 D, exit, x, +10
K ’ ’ ’ J

Episode 1

§ B, east, C, -1
C, east, D, -1

' +
' D, exit, x, +10 3

Episode 3

\
KE, north, C, -1
C,east, D, -1

N £ )

-

Observed Episodes (Training)

Episode 2

B, east, C, -1
C, east, D, -1
D, exit, x, +10

J

Episode 4

KE, north, C, -1
C, east, A, -1

~N

Learned Model

T(s,a,s)

e

\A’ exit, X, -10)

Value Iteration, Policy Improvement, etc

Nevyhoda: zistenie parametrov modelu trva Cas
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T(B, east, C) = 1.00
T(C, east, D)=0.75
T(C, east, A) =0.25

~

_/

R(s,a,s")

-

\_

R(B, east, C) =-1
R(C, east, D) =-1
R(D, exit, x) =+10

\

/




Model based vs model free ucenie

Ciel: zistenie vekovej skupiny nasho predmetu
Predpoklad: perfektnd vedomost hustoty pravdepodobnosti: E(A) = Z P(a)a

Ak predpoklad nie je splneny, zbieraj vzorky Studentov ay, a,, as, ..., ay

Vypocet (je nutné vypocitat P(a) pre Model Based)) Model free

, kde N je pocet vzoriek Studentov mnoziny A

EA) ~ Z }A’(a)a
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Pasivny reinforcement learning (prediction problem)
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Pasivny reinforcement learning (prediction problem)

Zjednodusenad uloha: evaluacia daného strategického profilu
Vstup: fixny strategicky profil z(s)
R(s,a,s’) ap(s',r|s,a) su nezname

Ciel: uréenie hodnot jednotlivych stavov (i.e. V(s), V)

V tomto pripade:
Agent vykonava akcie free ride na zéklade definovaného strat. profilu
Strategicky profil je konstantny

Vykonava akcie na zéklade strategického profilu a ohodnocuje jednotlivé stavy
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Priama evaluacia

e Ciel: urcenie hodnoty jednotlivych stavov na zaklade 7z(s)

e Vyslienka: Aritmeticky priemer pozorovanych hodnot (model free)
o\/ykonavaj akcie na zéklade z(s)
*\/ kazdom c¢asovom okamihu zapis sumu
diskotovanych odmien pre dany stav

eSpriemerni (priama evaluécia)
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Priama evaluacia

Input Policy &t Observed Episodes (Training)
Episode 1 Episode 2
B, east, C, -1 B, east, C, -1
C, east, D, -1 C, east,D, -1
D, exit, x, +10 D, exit, x, +10
P Ch
H Episode 3 Episode 4
E, north, C, -1 E, north, C, -1
C,east, D, -1 C, east, A, -1
Assume: y =1 D, exit, x, +10 A, exit, x,-10
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Priama evaluacia

Input Policy &t Observed Episodes (Training) Output Values
Episode 1 Episode 2
9+49+9-11
B, east, C, -1 B, east, C, -1 Vi(C) = A
C, east, D, -1 C, east,D, -1
D, exit, x, +10 D, exit, x, +10
P Ch
H Episode 3 Episode 4
E, north, C, -1 E, north, C, -1
C,east, D, -1 C, east, A, -1
Assume:y =1 D, exit, x,+10 A, exit, x,-10
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Priama evaluacia

Input Policy &t Observed Episodes (Training) Output Values
Episode 1 Episode 2
9+49+9-11
B, east, C, -1 B, east, C, -1 Vi(C) = A
C, east, D, -1 C, east,D, -1
D, exit, x, +10 D, exit, x, +10
P Ch
H Episode 3 Episode 4
E, north, C, -1 E, north, C, -1
C,east, D, -1 C, east, A, -1
Assume:y =1 D, exit, x,+10 A, exit, x,-10

Strdcame suvislost medzi stavmi! E nereflektuje na hodnotu C

Neuplatiujeme Bellmana, ale je to jednoduché no neefektivne
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Policy evaluation?

Uvaha: VyuZzitie policy evaluation pre konstantny strategicky profil

Pre kazdy ¢asovy okamih interakcie agenta s prostredim urobme update hodnoty stavu
Vis)=0

VErL(5) « 2T (s, 7(s), ") [R (s, m(s),s") + yV& (s’)]

I

Nepozndme to, rieSenie: vzorkovanie

Otézka: Nepozndme vahy T(s, z(s), s’), ako mbézeme uplatnit dany rekurzivny vztah?
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Policy evaluation by sampling?

Ciel: Snaha zlepsit presnost ohodnotenia stavu V(s) spriemerovanim jednotlivych pozorovani
VErL(5) « ZS, T (s, 7(s), s’) [R (s, 7(s), s’) +yVk (s’)]

Riesenie: Vzorkovanie (samplovanie) vystupov zo stavov s’ a spriemernovanie

7(s), resp alternativne akcia a v pripade determ. str.profilu

sample; = R (s, 71(s),s1) + 7V (s7)

sample, = R (S, ﬂ(S),Sé) +rVy (Sé)

Sampl€3 =R (S, ﬂ(S), S;;) + }’V;f (SI;)

Technical University of KosSice
Department of Computers and Informatics




Policy evaluation by sampling?

Ciel: Snaha zlepsit presnost ohodnotenia stavu V(s) spriemerovanim jednotlivych pozorovani

Vi l(s) « ¥ T (5,2(5), 5 [R (5.72(5). 57) + yVE (s’)]

Riesenie: Vzorkovanie (samplovanie) vystupov zo stavov s’ a spriemernovanie

sample; = R (s,7(s),s{) +yV7 (s1)

sample, = R (S, ﬂ(S),Sé) +rVy (Sé)

Sampl€3 =R (S, ﬂ(S), S;;) + yvlf (SI;)

1 s . 4 v
Vil = 2 sample, Problém: MDP: nevieme sa vracat v ¢ase
i

Vi(s)
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Temporal ditference learning

» Ciel: ucenie na zaklade kazdej interakcie s modelom
» Update VX(s) po jednotlivych prechodoch (s,a,s’r)
» Stavy s’, ktorych pravdepodobnost vyskytu p(s’, r|s,a), resp. T(s', z(s), s) je

vy$sia budu ovplyviiovat VA(s) viac

S
n(s)
S, 1(S)
Vzorka V(s):  sample; < R (s, ﬂ(S),S{) + V¢ (S{)
Vzorka V(s):  Vu(s) < (1 — @)V, (s) + a * sample , As

resp: V_(s) < V_(s) + a(sample — V (s))
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Klzavy priemer (exponential moving average)

» Klzavy priemer pozorovani:

x(n)=(1-a).x,_;+a.x,

* Posledné pozorované vzorky maju vacsiu vahu, ako tie ktoré boli pozorované v minulosti

x,+(1—a).x, ;+(1—a).x,_,+...
I+ -a)+(1—-a)*+...

xX(n) =

* Snaha: Prvé pozorovania boli znacne vychylené, ich vplyv sa bude s ¢asom zmensovat.

» Ciel: Znizovanie parametra @ nam zarucuje konvergenciu uvedenych algoritmov

a(n) = l a(n) <« a(n)*0.99
n
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Priklad TD

States

Assume: y=1, a=1/2
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Priklad TD

States Observed Transitions

{ B, east, C, -2 }

Assume: y=1, a=1/2
V.(s) < A=)V (s)+a*R(s,x(s),s)+y.V.(s)
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Priklad TD

Observed Transitions

LB, east, C, -2 }

[ C, east, D, -2 ]

V()< A -a)V (s)+a*R(s,n(s),s)+y.V.(s)
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Temporal difference: problémy

TD je vynikajuci pristup na ohodnocovanie konkrétneho strategického profilu z(s) vyuzitim
zakladnych Bellman rovnic a ich iterativneho rieSenia (na baze model free pristupu)

Probléem: ako zlepsit strategicky profil (hodnotové funkcie stavov ndm nehovoria ni¢ o akciach)?

n(s) = argmax QJ(s,a),Va € o Nemozné: POLICY EXTRACTION sa pouzit neda

O(s,a) = Z T(s,a,s)[R(s,a,s)+yV(s)]

Napad: u¢enie Q hodn6bt
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Aktivny RL (control based RL)

e Schopnost zlepSovat strategicky profil spravanie agenta v nezndmom prostredi

e Nevieme prechodové pravdepodobnosti p(s’, r| s, a)
e Nevieme tvar odmenovacej funkcie R(s,a,s’)

e Agent vyberd akcie a snazi sa ich zlepsit za U¢elom maximalizacie
ocCakavaného uzitku

e Agent rozhoduje o akciach v prostredi, nie dany strategicky profil ako pri TD

e Exploracia vs. Exploitation - problém ako pri banditoch
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Aktivny RL (control based RL)

Recap: Value iteration

Inicializujme VO(s) = 0,Vs

lterativnym pristupom updatujme jednotlivé hodnoty pre vsetky stavy s
Vi*H(s) = max ) n(s, a, s)[R(s, a,5") + y(VK(s")]

lterativnym pristupom updatujme jednotlivé hodnoty pre vsetky stavy s

Problém: Nasou snahou je zistit Q hodnoty
Inicializujme QO(S, a)=0,Vs,a

terativnym pristupom updatujme jednotlivé hodnoty QX(s, a) postupne, na zaklade interakcii s modelom
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Aktivny RL (control based RL)

Recap: Value iteration

Inicializujme VY(s) = 0,Vs

lterativnym pristupom updatujme jednotlivé hodnoty pre vsetky stavy s

jednoduchy sampling ako pri TD nestaci,

Vi*l(s) = max )’ z(s, a.s)[R(s, a.5") + y(VK(s")] >
T mame MAX

lterativnym pristupom updatujme jednotlivé hodnoty pre vsetky stavy s

Problém: Nasou snahou je zistit Q hodnoty
Inicializujme QO(S, a)=0,Vs,a

terativnym pristupom updatujme jednotlivé hodnoty QX(s, a) postupne, na zaklade interakcii s modelom
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Aktivny RL (control based RL)

Recap: Value iteration

Inicializujme VO(s) = 0,Vs

lterativnym pristupom updatujme jednotlivé hodnoty pre vsetky stavy s

jednoduchy sampling ako pri TD nestaci,

Vi*l(s) = max )’ z(s, a.s)[R(s, a.5") + y(VK(s")] >
T mame MAX

lterativnym pristupom updatujme jednotlivé hodnoty pre vsetky stavy s

Problém: Nasou snahou je zistit Q hodnoty
Inicializujme QO(S, a)=0,Vs,a
terativnym pristupom updatujme jednotlivé hodnoty QX(s, a) postupne, na zaklade interakcii s modelom

Q"*'(s,a) = ) T(s,a,s"R(s, a,5") + yV¥(s")]
neevidujeme max s

Q"*!(s,a) = ) T(s.a.5")[R(s, a.s") + y max QX(s', a')]
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Q learning

Q learning: updatovanie Q hodn6t jednotlivych stavov na zdklade interakcie s modelom

Ol 2 T(s,a,s)[R(s,a,s) +y max Q. (s',a")]

S

Algoritmus: u¢enie Q(s,a) postupne, ako prechddzame modelom
1) ziskanie vzorky (s,a,s’,r)

2) Nacitanie odhadu hodnoty Q(s,a)

3) Vypocet nového samplu v tvare sample = R(s,a, s’) + y max Q(s’,a’)
o

4) Aplikacia kizavého priemeru na novy update Q pre vykonant akciu a v stave s hodnoty v tvare

O(s,a) < (1 —a)0(s, a) + a(sample)
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Q learning

Q-learning (off-policy TD control) for estimating = =~ w,

Algorithm parameters: step size a € (0, 1], small £ > 0
Initialize Q(s, a), for all s € 8%, a € A(s), arbitrarily except that Q(terminal, ) = 0

Loop for each episode:

Initialize S

Loop for each step of episode:
Choose A from S using policy derived from Q (e.g., £-greedy)
Take action A, observe R, S’
Q(S,A) « Q(S, A) + « [R + ymax, Q(S',a) — Q(S, A)]
S« 5

until S is terminal

Q (St’ At) <0 (St’ At) +a [Rt+1 + y argmax, 0 (St+1’ t,+1) -0 (St’ At)]

Technical University of KosSice
Department of Computers and Informatics




DEMO Q learning

0 (S A4,) < Q(S,A,) +a |Ryy +yargmax, O (8,1, 47y1) = O (S, 4)
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SARSA learning

m .Rr.l/:-\ .Re.z

S S Rewa
U A\ A

S
\r.‘: A!o!

Sti3
.‘ ANJ

Ciel: transformacia TD na SARSA, nahradou V(s) za Q(s,a) podla z(s)

Q (St’ At) <0 (St’ At) T+ [Rt+1 +y0Q (St+1’At+l) -0 (St’ At)]

A

pozor, nerobime max (neaproximujeme Qx(s, a))

Tvrdenie: SARSA umoznuje ndjst optimalny strategicky profil z:(s), za predpokladu, ze vsetky stavy v MDP

su navstivene dostatocne velakrat a parameter € klesé k nule dostatocne pomaly.
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SARSA learning

Sarsa (on-policy TD control) for estimating Q = g,

Algorithm parameters: step size o € (0, 1], small £ > 0
Initialize Q(s,a), for all s € 87, a € A(s), arbitrarily except that Q(terminal,-) = 0

Loop for each episode:
Initialize S
Choose A from S using policy derived from Q (e.g.. e-greedy)
Loop for each step of episode:
Take action A, observe R, S’
Choose A’ from S" using policy derived from @ (e.g., e-greedy)
Q(S, A) « Q(S, A) + a[R +7Q(S', A') — Q(S, A)]
S8 A« A";
until S is terminal
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Kviz

Optimalny strategicky profil pre
konstantné € = 0.2
SARSA vs Q learning

Aky je ocakavany uzitok pre
optimalne strategické profily?

Q-learning (off-policy TD control) for estimating 7 =~ ,

Algorithm parameters: step size a € (0, 1), small £ > 0
Initialize Q(s, a), for all s € 8%, a € A(s), arbitrarily except that Q(terminal, ) =0

Loop for each episode:

Initialize S

Loop for each step of episode:
Choose A from S using policy derived from @Q (e.g., e-greedy)
Take action A, observe R, S’
Q(S,A) « Q(S. A) + « [R + vy max, Q(S',a) — Q(S, A)]
S« 5

until S is terminal

Technical University of KosSice
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Sarsa (on-policy TD control) for estimating Q =~ g,

Algorithm parameters: step size a € (0, 1), small £ > 0
Initialize Q(s, a), for all s € 87, a € A(s), arbitrarily except that Q(terminal,-) =0

Loop for each episode:
Initialize S
Choose A from S using policy derived from Q (e.g., e-greedy)
Loop for each step of episode:
Take action A, observe R, S’
Choose A’ from S’ using policy derived from @ (e.g., e-greedy)
Q(5.4) « Q(S, 4) + a[R +7Q(S', A') - Q(S. A)]
S5 A Al
until S is terminal




SARSA vs Q learning (priklad Python, 6.6)

Sum of rewards during episode

-100

B=-1

Safer path

Optimal path

—— Sarsa
—— Q-Learning

!

| ‘\ll ﬂMh I w M

Sum of rewards during episode

T T T T T -100
100 200 300 400 500
Episodes
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€ «— €%*0.99

—— Sarsa

—— Q-Learning

0 100

200

Episodes

300

400

500




SARSA a Q learning

e Tvrdenie: Q learning umoznuje ziskanie optimalneho strategického profilu bezohladu aky je strategicky
profil agenta (ndhodny, pseudondhodny, greedy, atd).

* Tato skutocnost podmienuje nazyvat Q learning ako OFF-POLICY algoritmus
e Predpoklady:
* Musime dostato¢ne dlho spoznavat model (faza exploration)
* Spravna rovnovaha v parametri learning rate. Nesmie klesat prilis rychlo, ale ani velmi
pomaly
eTeoreticky pri Q learningu nie je podstatné ako navstevujeme stavy, ani akym strat. profilom sa

riadime.
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SARSA a Q learning

SARSA algoritmus: on policy algoritmus, update Q hodnét jednotlivych stavov je vykonavany po-
dla aktualneho strategického profilu
Je viac SAFE ako Q learning.

Pri vhodne klesajucej miere exploracie dosahuju v tabulkovych forméach oba algoritmy rovnaké vysledky
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Exploration vs Exploitation

Badanie v modeli, resp vyuzivanie modelu

Yz

AND
Srennc!

TN £T0
P
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Exploration vs Exploitation

Vo vSeobecnosti existuje niekolko pristupov podporujiucich exploraciu

Jednoduché riesenie: € greedy algoritmus

v kazdom ¢asovom okamihu si hod mincou
S malou p() € vykonaj ndhodnu akciu

S velkou p() 1-€, vykonaj akciu podla sucasného strategického profilu

Uvaha: ndhodné akcie spbsobuju po ¢ase znizenie vykonnosti agenta
Po natrénovani modelu mézu ndhodné akcie agenta dostat do stavov pre neho nevyhodnych

RieSenie: znizujme parameter € (analdgia so simulovanym Zihanim)
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