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Odhad kumulativnej odmeny

T T T T o 0pingodnad 6 (M)
? ? ? ? Gt:Rf+1+'7/?t+2+...—}—7T*t*1RT

] @ Jednokrokovy odhad G (TD)
Gre1 = Rep1 + 7ve(Set1)
Dvojkrokovy odhad G

Grtya = Rep1 + YRz + 7 vey1(Ser2)

O—O«

@ n-krokovy odhad G
Grttn = Res1 + YRes2 + ... 7" 1Rt

—|—’)/th+”,1(51-+,,)
akt+nz=T g T

..I
Gt:t+n - Gt

Mach (KKUI) SU Il - TD-MC 2/1

OO«

= [« Q0O




Aktualizacia hodnotovej funkcie

@ llustracia pre n =3

517527537547"'757-73757—72757—71757_77-‘%17T+2 J

@ V kazdom kroku sa aktualizuje hodnota jedného
stavu
@ okrem prvych n — 1 krokov zadiatku epizédy
@ ucisa aj n— 1 krokov po dosiahnuti terminalneho stavu

@ Aktualizacia hodnotovej funkcie
Vern(St) = Vern-1(St) + @drt4n
Vern(S) = Vern-1(5) pre vietky s # S;
kde chyba ¢+, @ CIT
5t:t+n - [Gt:H—n - Vt+n—1(5t)] =
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Algoritmus TD(n) odhadu v,

n-step TD for estimating V ~

Input: a policy m

Algorithm parameters: step size o € (0, 1], a positive integer n

Initialize V (s) arbitrarily, for all s € 8

All store and access operations (for S; and R;) can take their index mod n + 1

Loop for each episode:
Initialize and store Sy # terminal

T + oo
Loop for t =0,1,2,...:
If t < T, then:

\

| Take an action according to m(:|S;)

| Observe and store the next reward as Ryy; and the next state as Sy

| If S;yy is terminal, then T+t + 1

| 7« t—n+1 (7 is the time whose state’s estimate is being updated)

| Ifr=>0:

| e OOy R,

\ fr+n<T, thcn, G G+ vV (Sr4n) (Grirgn)
‘ V(ST) — V(ST) +a [G - V(S‘r)]

Untilt=T -1

(©Sutton-Barto: Reinforcement Learning, 2nd ed., 2018
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Od vyhodnotenia politiky k jej uceniu

@ Princip
e nahrada hodnotovych funkcii v;(s) — g.(s, a)
@ pouzitie e-greedy politiky

Grt4n = Res1 + YR + ...+ 7" 'Retn

+9"qt4n—1(St-tn; Attn) 0<t<T-—n
Gt.t4n = G; t+n>T
Gitin = Rey1 +YRev2 + ... + 7" Resn
-W"Za 7T(a‘St—i—n)qt—i—n—l(st—i-na a) 0 S t < T —n
Gt.t4n = G; t+n>T

qt—l—n(Sta At) = qt+n—1(5t7 At) + Oé[Gt:t+n - qt—l—n—l(Sta At)]J

Mach (KKUI) SU Il - TD-MC 5/1




Initialize Q(s,a) arbitrarily, for all s € 8,a € A

Initialize  to be e-greedy with respect to @, or to a fixed given policy

Algorithm parameters: step size a € (0,1], small ¢ > 0, a positive integer n

All store and access operations (for Sy, A, and R;) can take their index mod n + 1

Loop for ecach episode:
Initialize and store Sy # terminal
Select and store an action Ag ~ 7 (:[Sg)

T ¢
Loop fort =0,1,2,... :
| If¢<T, then:

| Take action A;

| Observe and store the next reward as Ry, and the next state as Sy,
| If \S; 41 is terminal, then:

| Tt+1

| else:

| Select and store an action Aypq ~ m(-|Si41)

| 7+ t—n+1 (7isthe time whose estimate is being updated)

| 7>0

| Ge Xy

| Erin<T, then G G+7"Q(Srm Arn) (Grersn)
| Q(SrA,) € Q(Sr Ar) +alG — Q(Sr, A,)]

| If 7 is being learned, then ensure that 7(-|S;) is e-greedy wrt @
Untilt =T -1

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

Action values increased Action values increased
by one-step Sarsa by 10-step Sarsa
—»{ > +
v
malk ;
G G v
4 |
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Kombinovanie odmien

Grtrn = Rey1 + YRz + ... + 7" Ry
+’yn\7(5t+n, Wt+n—l) 0 S t < T —n
Gt.t4n = Gy t+n=>T

@ V predchadzajicom sa pouzil vzdy iba jeden odhad
kumulativnej odmeny (pre nejaké konkrétne n)

@ Kombinovanie viacerych odhadov do zlozeného
odhadu

@ kombinovanie vazenym si¢tom, sicet vah rovny 1
@ zlozeny update sa vykond az potom, ¢o bude zndmy
odhad s najvacsim pouzitym n @ ar

l.!"
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@ )A-odmena pouziva kombinovanie odhadov

Gl =(1-X) > A Grern |
vahy: (1—=X), (T =X\ (1—X2))2, .
stilet vah: (1 —A)> 72 A1 =(1- )_/\ 1
e V pripade epizédy s dizkou T (maxn= T — t)

G ==X, 5 A G+ A6

o vahy: (1= A), (1= M\)A,..., (1= AT t2 \T-t-1
(] )\ - 0 — Gf.')\ - Gt:t+1 (TD) -.;.% ClT
o A=1- G)= G, (MC) =
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A-odmena - odvodenie

Gr=(1- N TN G+ (1= ) A" 1Grryn

weight given to
the 3-step return total area =1
is (1— A)A?

decay by h

weight given to
actual, final return
is /\A —t—1

Weighting 1-»

! T

Time —

(©Sutton-Barto: Reinforcement Learning, 2nd ed., 2018

(1 o >‘) Z:o:T—t )‘n_IGf:Hn = (1 - )‘) (Z:O:Tft A" 1) Gy

SN (EE N ) 6= 1N (SN G
=(1-)) (Z:OZI )\n—l))\T—t—lG (1-— )\)11 AT-t-1G, g Cr
— )\Tftflct
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Pouzitie A-odmeny v algoritme

e Off-line algoritmus

e aktualizacie robi az po skonceni epizédy
@ obmedzenie na epizodicki Glohu

@ Aktualizicia pre tabulkov( reprezentaciu

v(Se) = v(Ste) + a[G — v(S)] )

o Aktualizacia pre reprezentdciu aproximatorom
@ semi-gradientovym pravidlom

Wt—l—l = I/T/t ‘|‘ Oé[Gt)\ — O(St, V_Vt)]V\?(St, I/T/t) J

T

l.!'

Mach (KKUI) SU Il - TD-MC 11/1



Orezana M\-odmena

@ Nevyhoda A\-odmeny - vedie na offline algoritmus

@ Nahrada orezanou verziou

Gth_(l_)\)zhtl)\n 1Gtt—|—n+)\_t 1Gh J

e potrebuje data (odmeny) iba po nejaky horizont h
(h<T)
@ nie je obmedzené iba na epizodicki Glohu
@ moznost online algoritmu

e rezidudlnu kumulativnu odmenu (po horizonte) iba

odhaduje najdlhsou kumulativnou odmenou
QT
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Dopredny pohlad

s, §,=G}-Vv(S) . v(S) ~ G, <
i i——ciE— i = |

G*) G >
t // Gt:t+3 = >

@ Dopredny pohlad
e pre kazdy navstiveny stav sa uvazuji budice odmeny a
ich zlozenie
e budice stavy st pouzivané opakovane (pre kazdy z
predchadzajicich stavov) g T
e realizovatelné iba ako off-line algoritmus ==
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Spatny pohlad

8,=G,,, - V(S)

B ] ] —ch ] ] ] o
' v(S) ~G

G >
e Spitny pohlad ™"
@ pre kazdy navstiveny stav sa urci iba G;.¢11
@ pre update sa uvazuju aj minulé stavy
@ budice stavy nie si pouzivané opakovane
e realizovatelné ako off-line aj on-line algoritmus
e zalozené na eligibility traces
@ Dopredny vs spatny pohlad
e ekvivalentné ak spatny pohlad tiez ako off-line o

@ inak podobné ak pouzité malé o
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Eligibility traces - tabulkovy pristup

@ Stopa sposobilosti (ET) je tabulka e(s) | e(s, a)
e ak v | g je dlhodoba pamat (pocas celého ulenia), tak e
je kratkodobd pamat (iba v rdmci epizddy)

e_1(s) =0 e_1(s,a) =0
e (Se) = yrer1(S:) +1 er(Se, Ar) = YAer—1(St, Ar)+1
e:(s) = yAer—1(s) if s # S: e(s, a) = yAer—1(s, a)

@ Interpretacia ET
@ pamata si, cez ktoré stavy (a akcie) sa prechadzalo
@ schopnost zabldat minulost - minulé prispevky pomaly
"blednd” faktorom A\

@ Ovplyviiuje mieru aktualizacie zloZiek v | g

(51- = RH—]. -+ fYV(SH_]_) — V(St)
vit1(s) = ve(s) + adrer(s)  pre vietky stavy s, nielen S;
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Koeficient utlmu )\

o \=0
o e(s)=1aks=S5; inak e(s) =0
@ redukcia na jednokrokovy TD algoritmus
e 0< A<l
@ Cim je hodnota vacsia, tym viac st predchadzajlce stavy
zohladriované
@ Cim je stav hlbsie v minulosti, tym menej je ovplyviiovany

e \=1

@ minulé stavy su diskontované iba pomocou vy
e epizodické stavy nemusia byt diskontované (v = 1)
e redukcia na MC (zovSeobecneny MC so SirSim pouZitim)

@ moze byt aplikovany aj na kontinualny diskontovany proces
@ je on-line (nemusi ¢akat do konca epizédy) - vie reagquat c|1
v ;. ;. ] .
okamzite na novi situaciu =R e
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Druhy ET

@ Uvedeny tvar ET sa oznacuje ako akumulacny

@ Jednoduchsim tvarom je nahradzovaci
@ iba pre tabulkovii reprezentaciu alebo binarne priznaky
@ v niektorych tlohach poskytuje rychlejsiu konvergenciu

e_1(s)=0 e_1(s,a) =0
e(S:) =1 er(St, Ar) =1
et(s) - 7>‘et—1(5) if s # St et(57 a) - 7>‘et—1(57 a)

| | | | I | | times of state visits

M accumulating trace

replacing trace

-.v.' CIT

(©Sutton-Barto: Reinforcement Learning, 1998
Mach (KKUI) SU Il - TD-MC 17/1



Tabular Sarsa(\) odhadu g, alebo g,

Input: a policy 7 (if estimating g,) or € > 0 (if 7 is e-greedy)
Algorithm parameters: step size « > 0, trace decay rate \ in [0, 1]
Initialize: value-action function ¢(s, a) arbitrarily for all s, a

Loop for each episode:
Initialize S
Choose A ~ 7(.|S) or near greedily from S (e.g. e-greedy)
e(s,a) =0 for all s, a
Loop for each step of episode:
Take action A, observe R, S’
Choose A" ~ 7(.|S”) or near greedily from S’
e(Se, Ar) < e(St, Ar) +1
0+ R+~vq(S",A") —q(S,A)
for all s, a:
q(s, a) < q(s, a) + ade(s, a)
e(s,a) < yAe(s, a)
S« S A+ A
until S is terminal
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Eligibility traces - aproximacny pristup

@ Stopa sposobilosti (ET) je z, pricom | Z |=| w |
e ak w je dlhodobd pamit (pocas celého uéenia), tak Z je
kratkodoba pamat (iba v ramci epizédy)

z1=0 z1=0
Zy = ’7)\ft_1 aF V\/}(St, VT/t) J Zr = 7)\2t—1+vé\](5t7 At7 Wt)J

@ Interpretacia ET
@ pamata si, ktora vaha vektora w prispela pozitivne alebo
negativne
@ schopnost zabudat minulost - minulé prispevky pomaly
"blednd” faktorom A

@ Ovplyvnuje mieru aktualizacie jednotlivych zloziek w
0t = Rey1 + Y0(Ser1, we) — 0(Se, we)
Wiyl = Wi + d:Z;
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Algoritmus TD()\) odhadu v,

Semi-gradient TD()) for estimating

Input: the policy 7 to be evaluated

Input: a differentiable function © : §+ x B — R such that (terminal,-) = 0
Algorithm parameters: step size @ > 0, trace decay rate A € [0, 1]

Initialize value-function weights w arbitrarily (e.g., w = 0)

Loop for each episode:
Initialize S
z<+ 0 (a d-dimensional vector)
Loop for each step of episode:
| Choose A ~ 7(-|S)
| Take action A, observe R, S’
| z+ vAz+ Vo(S,w)
| 6+ R+~0(S" \w)—9(S,w)
| w wtadz
| S« 9

until S’ is terminal

(©Sutton-Barto: Reinforcement Learning, 2nd ed., 2018
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Zmeny pre pracu s § namiesto v

@ Zmeny oproti TD(\)

@ kumulativnha odmena

Grttn=Rep1 + YRep2 +. .. + 7n_1Rt+n
+Y"G(St4ny Atsny Wetn—1) t+n<T

@ stopa sposobilosti

2_1 = O
Z, = yAZ_1 + V§(Se, Ae, W) 0<t<T J

o aktualizacia w

0t = Rey1 +74(Ses1, Aev1, We) — G(St, Ar, We)
Wil = We + a0y
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Algoritmus Sarsa(\) odhadu g, alebo g,

Input: a feature function x : S* — R? such that x(terminal,-) = 0
Input: a policy « (if estimating §,)

Algorithm parameters: step size & > 0, trace decay rate A in [0, 1]
Initialize: value-function weights w in RY (e.g., w = 0)

Loop for each episode:
Initialize S
Choose A ~ 7(.|S) or near greedily from S using w
z+0
Loop for each step of episode:
Take action A, observe R, S’
Choose A" ~ 7(.|S") or near greedily from S’ using w
Z+ yAZ+V§(S, A w)
0+ R +7(,7\(S/3A/7 W) - ‘?(S,A) V_V)
W W+ adz
S« S A+ A
until S is terminal
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Sarsa(n) vs Sarsa

Action values increased Action values increased
by 10-step Sarsa by Sarsa(i) with »#=0.9
—| ] * =l = =,
¥ ' }
il ; i pall}
G v i i G L]
b | 4 -
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