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Temporal-difference ucenie posilnovanim

@ Cielom je odhad hodnotovych funkcii
@ Kombinacia dvoch principov
@ bootstrapping - odhad na zaklade iného odhadu
(DP: vi(s) = E[Res1 + yva(Ses1) | Se = s])
e model-free - stali skisenost s prostredim (MC: netreba
aplnd znalost prostredia v zmysle modelu)
(MC: v (s) = E[Rey1 + YRei2 + V?Resz + ... | St = s])
@ Interakcia s prostredim
e skutocnd
@ simulovana
@ Schopny pracovat s
@ nelplnymi epizédami
@ kontinualnymi Glohami

@ Inkrementdlny v zmysle krok po kroku - online
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Davkovy vs. iterativny update

XY XeX+a-x]i=1.. N |

_ X1+X2+X3+X4+X5
X1.5 = 5

X1+x0+x3+x4
X = (1-a)*X + ary 4 4+ x5

=x+afy-x) 5
X144 +X1.4 — X1.4 + X5
a=0.5 a=1/N 5
® ® X145+ X5 — X1.4
N 5
© © o © )
o ® = Xv4+ E(Xs — Xy.4)
konvergencia i

b
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Rozdiel v principoch odhadu

vo(s) = E;[G:|S: = 5]
= E[Ret1 +7Ge41|S: = 5]
Ex[Res1 + 7ve(Se41)|Se = 5]

e MC
o cieli na skuto¢n kumulativhu odmenu
V(S5:) «+ V(S:) + a[G: — V(S:)]
a=1/N (MC), o = const (constant-a MC)
odhad iba na zaklade skiisenosti
¢aka na znalost G; (epizéda musi dobehn(t)

cieli na odhad kumulativnej odmeny

V(Se) <= V(Se) + o[Repr +7V(Se41) = V(S)]
odhad na zaklade skisenosti a iného odhadu (G, )i ST
caka iba jeden krok
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TD chyba

o Clen v zatvorke: §; = Ryj1 +7V/(Sei1) — V(Se)

@ chyba - rozdiel medzi aktualnym odhadom hodnoty pre
stav S; (V/(S:)) a leps$im odhadom pomocou okamzite;
skisenosti (R;;1) a odhadu pre nasledujici stav
(V(St41))

@ Ak by sa hodnoty odhadov V nemenili pocas
epizédy ale iba po nej

- V(5)

Riv1+ 796G = V(Se) +7V(Se41) — 7V(Se41)

8¢ +9(Gri1 — V(St41))

O +v(Revo + 760 — V(Se41) + 7V (Se42) — 7V(Se42))
8¢ + V041 + 72 (Geaz — V(Se42))
T-1

Z ,kat(;k

k=t s ClT

G -

@ TD robi korekciu voc¢i mensej chybe nez MC
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Algoritmus TD odhadu v,

Tabular TD(0) for

Input: the policy 7 to be evaluated
Algorithm parameter: step size o € (0,1]
Initialize V(s), for all s € 8, arbitrarily except that V(terminal) = 0
Loop for each episode:
Initialize S
Loop for each step of episode:
A + action given by 7 for S
Take action A, observe R, S’
V(S) « V(S) +a[R+ 4V (58) —V(9)]
S« 5

until S is terminal

(©Sutton-Barto: Reinforcement Learning, 2nd ed., 2018
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llustracny priklad: cesta domov
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Situation Situation
(©Sutton-Barto: Reinforcement Learning, 2nd ed., 2018

o Aktualizované hodnoty - odhad po prvom dni
(pre a = 1)
@ TD - bezprostredne moze updatovat ako reakciu na
aktudlnu situdciu (zmeny obomi smermi) -
e MC - musi ¢akat az na prichod domov (zmeny na s
rovnakid hodnotu)
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Konvergencia

V(S:) «+ V(S;) + of Target — V(S;)] J

@ Podmienky pre konvergenciu V kv,
o > a,=
o Y @ aZ< oo
@ TD - konverguje iba priblizne (v priemere)
@ « je konstantné a “dostatocne” malé
(nesplnend druhd podmienka)
@ MC - konverguje (s pravdepodobnostou 1)
@ a = 1/N sa postupne zmensuje
(splnené st obe podmienky)
@ Asymtoticka konvergencia moze byt v praxi pomald
o o konverguje rychlejSie (lepsie vyuzije data)?
@ TD (offline - ddvkovy update) < constant-a MC RS
@ TD (online) ? MC
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Ucenie politiky

. Sty Aty Rea, Sty A, Reso, - )

@ Zalozené na vseobecne;j
evaluacia iteracii politiky
e Pouzitie Q(s, a) ako
odhadu ¢,(s, a)

@ neznalost modelu
@ nestaci poznat v,
zlep3enie @ Problém exploracie
@ pokrytie parov (s,a)
e e-makka politika

@ On-policy (7 = b) vs off-policy (7 # b) g ar

T « greedy(Q)
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Aktualizacia odhadu @

@ Sposoby odhadu Gy q v
qﬂ'(SJ a) = Ew[RtJrl + VGt+1‘St =5,A = a]

Q(S:, Ar)
Q(St7 At) + a[Rt-‘rl + ’VQ(SH-la At+1) - Q(St7 At)]

Q(Sh At) —
Q(St, Ae) + a[Rey1 +ymax, Q(Se41,a) — Q(Se, Ar)]

Q(Sta At) —
Q(5t7 At) T [Rr+1 + VE[Q(SHL At+1)|5t+1] - (St, )] =
Q(St, Ar) + a[Reps +v -, m(alSe1) Q(Sev1, a) — Q(St, Ar)] )
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s Re, St Aty Ret1, Sei1, A1, Reqo, - - )

CJ Q(Sh At) je

@ pre neterminalny stav aktualizované
O podla patice vybranej zo sekvencie

@ nulové pre termindlny stav
O @ On-policy odhad
e Konvergencia (ku g, a )
[] e vsetky pary (s,a) navstivené
nekonecnekrat
O e politika konverguje ku greedy politike
(e =1/1) g ar

@ Sarsa algoritmus
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Algoritmus Sarsa

Sarsa (on-policy TD control) for

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
Choose A from S using policy derived from @ (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,4) « Q(S,A) + a[R+4Q(S", A") — Q(S. A)]
S S A+ A
until S is terminal

(©Sutton-Barto: Reinforcement Learning, 2nd ed., 2018
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AktualiZéCia R = Y maX, Q(.St_|_]_7 At—|—1) —

’ Rt7 5t7 At7 Rt+17 5H—17At+17 Rt+27 ° 00 J

° Q(Sh At) Je

@ pre neterminalny stav aktualizované

] podla Stvorice vybranej zo sekvencie
@ nulové pre terminalny stav
O e Off-policy odhad

e Konvergencia (ku g, a )

ax @ potrebné je zabezpedit aktualizaciu
vetkych pérov (s,a)

O O O @ Q-learning algoritmus T

Mach (KKUI) SU Il - TD metédy 13/23



Algoritmus Q-Learning

Q-learning (off-poli D control) for

Algorithm parameters: step size « € (0, 1], small € > 0
Initialize (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 @) (e.g., e-greedy)
Take action A, observe R, S’
Q(S, A) — Q(S, A) + a[R + vymax, Q(S,a) — Q(S, 4)]
S+« 9

until S is terminal

(©Sutton-Barto: Reinforcement Learning, 2nd ed., 2018
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AktualiZéCia C oo TR '}/E[Q(St+1, At+1)|5t+1] = coo9

ctt Rt7 Sta Ata Rt-f—la St-‘rlaAt-f—la Rt+27 cot J
o Q(5: Ar) Je

@ pre neterminalny stav aktualizované
] podla Stvorice vybranej zo sekvencie
@ nulové pre terminalny stav
@ Spriemernovanie akcii v S; 1
O E[Q(St+1, Ars1)[Se1] =

> m(alSe41) Q(Str1, a)

/‘—\ @ On-policy/Off-policy odhad

O O O e 7 sa moze lisit od exploracnej politiky
e ak 7 je greedy, tak je Q-learning

@ Expected Sarsa algoritmus B T
(algoritmus podobny ako pre Q-Learnig, zmena iba v jednom riadku)
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Porovnanie algoritmov

@ Koniec epizddy: krik, pravé dolné policko
@ Odmena: -100 (krik), -1 (ostatné policka)
@ Parametre: 500 epizéd, « = 0.2, v =09, e =0.1

Flat World Simulat

Sarsa, Expected Sarsa, Q- Learnmg

=




Dvojité ucenie

R =

N DAt oy

Mach (KKUI)
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@ Maximaliza¢na odchylka
e E[Re N(-0.1,1)] <0
e max[R € N(—0.1,1)] > 0
@ Pouzitie jedného odhadu @
@ pre urcenie najlepsej akcie A;y1 v
stave S;11
e pre odhad hodnoty q(S;;1, Ari1)
@ rozhodnutia s zavislé

@ Pouzitie dvoch nezdvislych
odhadov @; a @,

@2(Se41,arg max, Q1(Se41, a))

° Q1(5t+1,afgmaxa Qz(st+1, ))

@ update iba @, alebo @ & aT

@ striedanie roli Q; a
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Algoritmus Dvojity Q-Learning

Double Q-learning, for estimating ),

Algorithm parameters: step size e € (0,1], small £ > 0
Initialize Q1 (s, a) and Qa(s, a), for all s € 8, a € A(s), such that Q(terminal,-) =0
Loop for each episode:
Initialize S
Loop for each step of episode:
Choose A from S using the policy s-greedy in ¢ + Q2
Take action A, observe R, S’
With 0.5 probabilility:
Q1(S.4)  Qu(S, 4) + a(R+ Q2 (S argmax, Qu(S',0)) — Qu(S, 4) )
else:
Q2(S,A) « Q2(5,4) + rx(R +4Q1 (87, argmax, Q2(5',a)) — Qa(S. A))
S5
until S is terminal

(©Sutton-Barto: Reinforcement Learning, 2nd ed., 2018
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Dvojita (Expected) Sarsa

el = { 1 - €+ gz @ = argmax,(Qi(s, a) + (s, a)) J

A inak

Ql(StaAt) — Ql(StaAt) + Oé[RtJrl + 'VQ2(St+17At+1) - Ql(staAt)]
Q2(St, At) + Q2(St, Ar) + a[Rey1 + 7Qu(Str1, Aty1) — @2(St, Ar)]

Expected Sarsa

Ql(StaAt) —

Q1(Se, Ar) + a[Rey1 + 72, m(alSe11) Q2(Ser1, a) — Qu(St, Ar)
@2(S¢, Ar) <

Q2(St; At) + a[Repa + >, 7(alSe41) Qu(Str1, @) — Qa(St, Ar)]
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Greedy exploracna politika

@ Princip - monoténny update odhadu Q
o vietky Q(s, a) inicializovat na vysoké hodnoty
@ update iba v tvare znizenia odhadu
@ explordcia

@ greedy politika v stave S; vyberie akciu A;

@ aktualizuje sa (znizi) hodnota Q(S:, A:)

@ hodnota pre nejaki inl akciu v S; ostane vy$Sou ako pre
akciu A;

@ pri daldej ndviteve stavu S; greedy politika vyberie inli akciu
a nie A;

@ Podmienky realizacie
e odmena R; € [0,1] pre i =1,2,...
@ maximalne mozna kumulativna odmena
_ oo k—t—1 0 k—t—1
G = Zk=t+l g Ri < Zk:tJrl g Rmax 5 Cr

_ e8] k—t—1 __ e8] k—1 __ 1 "
= Zk:tJrl Y = Zk:1 9 =15
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Oneskoreny Q-Learning

@ Hodnoty Q@ inicializované na 1/(1 — )

e Update Q(s, a) sa deje na zdklade vadsieho
mnozstva dat

@ nech v ¢ase t v stave S; = s bola akcia A; = a
e ak pre (s, a) je uz k dispozicii zozbierany dostatok dat z
aktudlnej a minulych navstev (ry, si, ..., rm, s,,), tak
@ urdi sa novd moznd hodnota pre Q;11(s, a)

U(s,a) = 7 X1 (ri + ymaxy Q(sf, @) + &1

kde Glohou €; je napoméct Q(s,a) > Q.(s, a)
@ ak Q:(s,a) — U(s,a) > e; tak sa update realizuje
Q:+1(s,a) = U(s, a), inak nie
@ zozbierané déta pre (s, a) sa zahodia
o ak dét pre (s, a) nie je dostatok, pokraluje sa v ich e 7
zbierani =
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Q-Learnig vs Oneskoreny Q-Learnig

@ Q-Learning: Qi1 = (1-a)Q: + a(r + ymax,Q(s', a))
@ Pre (s, a) bolo ziskané  a 51 (v = 1)
Qr41(s,a) = (1 - 1)Q¢ + (1 + ymaxy Q(s1,a')) = (n + ymaxy Q(s1,a’))
@ Pre (s, a) bolo ziskané r, a s; (o = 1/2)
Qr42(s5,a) = (1 = 1/2)Qer1(s, @) + 1/2(r2 + ymaxy Q(s2, a'))
=1/2(n + ymaxy Q(s1, ")) + 1/2(r + ymaxy Q(sz, a'))
= 1/2 377 (ri + ymaxy Q(si, )
@ Pre (s, a) bolo ziskané r; a s3 (o = 1/3)
Qer3(s,a) = (1 —1/3)Qeta(s, @) +1/3(r3 + ymaxa Q(ss, )
=2/3(1/2 3%, (r; + ymaxa Q(si, ') + 1/3(rs + ymaxy Q(s3,a'))
=1/3 %07, (ri + ymaxy Q(si, @)
@ Oneskoreny Q-Learning = Q-Learning so &, aT
zmens$ujicou sa hodnotou « (s ddvkovym updatom)
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Backup diagram
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