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Temporal-difference ucenie posilfiovanim

e Cielom je odhad hodnotovych funkcif
@ Kombinacia dvoch principov
@ bootstrapping - odhad na zdklade iného odhadu
(DP: vi(s) = E[Res1 + 7V (Se41) | Se = 5])
e model-free - sta&i skisenost s prostredim (MC: netreba
dplnd znalost prostredia v zmysle modelu)
(MC: v (s) = E[Rey1 + YReio + V?Resz + ... | St = s))
@ Interakcia s prostredim
e skutodnd
@ simulovana
@ Schopny pracovat s
@ nelplnymi epizédami
e kontinudlnymi dlohami @ T

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

vo(s) = E;[G:|S: = 5]
= E[Re1 +7Gey1|S: = 5]
Ex[Res1 + 7ve(Se41)|Se = 5]

e MC
o cieli na skuto¢nt kumulativnhu odmenu
V(S5:) «+ V(S:) + a[G: — V(S:)]
a=1/N (MC), a = const (constant-a MC)
odhad iba na zaklade skiisenosti
takd na znalost G, (epizéda musi dobehniit)

cieli na odhad kumulativnej odmeny

V(S:) < V(S:) + a[Rev1 + YV(Ser1) — V(S:)] -
odhad na ziklade skisenosti a iného odhadu (G, )i ST
¢aka iba jeden krok
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TD chyba

o Clen v zatvorke: §; = Rii1 +vV/(Se1) — V(Se)

@ chyba - rozdiel medzi aktudlnym odhadom hodnoty pre
stav S; (V/(S;)) a leps§im odhadom pomocou okamZite;
skdsenosti (R;.1) a odhadu pre nasledujici stav
(V(St11))

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

- V(5)

Riv1 + 796G = V(Se) +7V(Se41) — 7V(Se41)
0r + 'Y(Gt 1— V(St+1))

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

Z ,_katé‘k

k=t

.v.' CIT

@ TD robi korekciu vo¢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 (5") = V(9)]
' — 57

until S is terminal

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

@ Aktualizované hodnoty - odhad po prvom dni
(pre a = 1)
e TD - bezprostredne mdZe updatovat ako reakciu na
aktudlnu situdciu (zmeny obomi smermi)
o MC - musi &akat aZ na prichod domov (zmeny na & ST
rovnakd hodnotu)
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Konvergencia

V(S:) « V(S;) + ofTarget — V(S;)] |

@ Podmienky pre konvergenciu V k v,
° > X =00
° Yl ap <00
@ TD - konverguje iba priblizne (v priemere)
@ « je konstantné a “dostato¢ne” malé
(nesplnena druha podmienka)
@ MC - konverguje (s pravdepodobnostou 1)
@ a = 1/N sa postupne zmen3uje
(splnené st obe podmienky)
@ Asymtotickd konvergencia mdze byt v praxi pomal3
e o konverguje rychlejSie (lepSie vyuZije data)?
@ TD (offline - davkovy update) < constant-a MC
@ TD (online) ? MC
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Uéenie politiky

. St, Aty Rev1, Sty Avgts Reso, - ]

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

@ neznalost modelu
@ nestadi poznat v,

T — greedy(Q)

zlep3enie @ Problém exploracie
@ pokrytie parov (s,a)
e e-makka politika

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

@ Spésoby odhadu G;y1 v

q-(s,a) = Ex[Res1 + 7Gei1|St = s, Ar = 4
Q(S:, Ar)
Q(St, Ar) + a[Rev1 + YQ(Sev1, Ari1) — Q(St, Ar)]
Q(Sta At) —
Q(St, Ae) + a[Rey1 +ymax, Q(Sei1,a) — Q(Se, Ar)] )
Q(Sta At) —
Q(St, Ar) + a[Re1 + VE[Q(Se1, Ary1)|Se41] — Q(S:, Ae)] =
Q(St, Ar) + a[Rep1 +7 2, m(alSe11) Q(Ses1, a) — Q(St, Ar)]
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, R, St Aty Rei1, Sei1, A, Reqo, -+ )

CJ Q(Sh At) je

@ pre netermindlny stav aktualizované

] podla pitice vybranej zo sekvencie
@ nulové pre termindlny stav
O @ On-policy odhad
e Konvergencia (ku g, a )
] o vietky péry (s,a) navstivené
nekonenekrat
O e politika konverguje ku greedy politike
(e=1/1) g T

@ 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« 8 A+ A
until S is terminal

©Sutton-Barto: Reinforcement Learning, 2nd ed., 2018
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Aktualiza/Cia R = Y maX, Q(.St_|_17 At—|—1) —

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

° Q(Sh At) Je

@ pre neterminalny stav aktualizované

L] podla tvorice vybranej zo sekvencie
@ nulové pre termindlny stav
@) o Off-policy odhad

e Konvergencia (ku g, a )

max e potrebné je zabezpetit aktualizaciu
vietkych pdrov (s,a)

@ Q-learning algoritmus RS
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Algoritmus Q-Learning

Q-learning (off-poli D control) for

Algorithm parameters: step size a € (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, 4) «— Q(S, A) + a[R + ymax, Q(S,a) — Q(S, 4)]
S« 5

until S is terminal

(©Sutton-Barto: Reinforcement Learning, 2nd ed., 2018
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Aktua“ZéCia 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 3tvorice vybranej zo sekvencie
@ nulové pre termindlny stav
O @ Spriemerfiovanie akcii v S; 1

E[Q(Sts1,At11)[Se1] =

> .m(a]Se41) Q(St41, a)
/\ @ On-policy/Off-policy odhad

O O O e 7 sa mdZe ligit od explora&nej politiky
e ak 7 je greedy, tak je Q-learning

@ Expected Sarsa algoritmus @ CT

(algoritmus podobny ako pre Q-Learnig, zmena iba v jednom ri;c'l-ij)
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Porovnanie algoritmov

@ Koniec epizédy: krik, pravé dolné poli¢ko
@ Odmena: -100 (krik), -1 (ostatné poli¢ka)
@ Parametre: 500 epizéd, « = 0.2, v =0.9, e =0.1

Flat World Simulation - 9

Sarsa, Expected Sarsa, Q- Learnlng

=




Dvojité uenie
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@ Maximaliza¢na odchylka
e E[Re N(-0.1,1)] <0
e max[R € N(—0.1,1)] > 0
@ Poutzitie jedného odhadu @
@ pre urlenie najlepsej akcie Ay 1 v
stave S;11
e pre odhad hodnoty q(S:;1, Ari1)
@ rozhodnutia su 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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Dvojitd (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, Ar) + Q2(St, Ar) + a[Rey1 + 7Q1(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 + >, m(a]Se41) Qu(Str1, @) — Qa(St, Ar)]
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Greedy exploraéna politika

@ Princip - monoténny update odhadu Q
o vietky Q(s, a) inicializovat na vysoké hodnoty
@ update iba v tvare zniZzenia odhadu
e exploracia
@ greedy politika v stave S; vyberie akciu A;
@ aktualizuje sa (zniZi) hodnota Q(S:, At)
@ hodnota pre nejakd intd akciu v S; ostane vySSou ako pre
akciu A;
@ pri daldej ndviteve stavu S; greedy politika vyberie ind
akciu a nie A;

@ Podmienky realizacie
e odmena R; € [0,1] pre i =1,2,...
@ maximalne mozna kumulativna odmena
_ N\ k—t—1 o0 k—t—1
Ge = ki1 Re <> itiin Rimax

_ o0 k—t—1 __ o0 k—1 __ 1
= Zk:tJrl Y = Zk:l 9 =15
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Oneskoreny Q-Learning

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

e Update Q(s, a) sa deje na zdklade va&sieho
mnoZstva dat

nech v ¢ase t v stave S; = s bola akcia A; = a
ak pre (s, a) je uZ k dispozicii zozblerany dostatok dat z
aktudlnej a minulych navstev (ry, i, ..., rm, s,,), tak

@ urdi sa novd mozna hodnota pre Q:1(s, a)
U(s,a) = 237 (i + ymaxy Qe(s!,a)) + &1

kde tlohou €; je napoméct Q(s,a) > Q.(s,a)
@ ak Q:(s,a) — U(s,a) > € tak sa update realizuje
Q:+1(s,a) = U(s, a), inak nie
@ zozbierané dita pre (s, a) sa zahodia
ak dat pre (s, a) nie je dostatok, pokraluje sa v |ch.=., ar
zbierani S
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Q-Learnig vs Oneskoreny Q-Learnig

() Q—Learning: Qi1 = (1 — @) Qs + ar + ymax,Q(s', a))
@ Pre (s, a) bolo ziskané n a 51 (o = 1)
Qe+1(5,a8) = (1 — 1) Q¢ + (r1 + ymaxy Q(s1,a')) = (rn + ymaxy Q(s1,a’))
@ Pre (s, a) bolo ziskané r; a s, (o = 1/2)
Qri2(s,3) = (1 — 1/2)Qe11(s, a) + 1/2(r2 + ymaxy Q(s2, ')
=1/2(n + ymaxy Q(s1,3")) + 1/2(r2 + ymaxy Q(sy, a'))
=1/2 Z?:l(”i +ymaxy Q(si, a'))
@ Pre (s, a) bolo ziskané r; a s3 (a« = 1/3)
Qr43(s,a) = (1 — 1/3)Qera(s, @) + 1/3(rs + ymaxy Q(s3, a'))
=2/3(1/2 7 (ri + ymaxy Q(si, @) + 1/3(rs + ymaxx Q(s3, "))
=1/350 (1 + ymaxy Q(s;, ')
@ Oneskoreny Q-Learning = Q-Learning so L
zmen3ujlcou sa hodnotou « (s ddvkovym updatom)
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Backup diagram
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