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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
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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
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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 |

(©Sutton-Barto: Reinforcement Learning, 2nd ed., 2018
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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 podla
G)\ - (1 - >‘) Z:ozl )‘n_th:tJrn

véhy: (1 — ) (T—=2)A (1- A)\2
@ V pripade epizédy s dlzkou T

tA:(l_A)ZT - 1Gtt+n ATH1G, J

e \=0— G} = G;¢y1 (TD)
° )\—1—>G’\ G: (MQ)
e Pouzitie v offline algoritme
e offline - aktualizacie robi aZ po skonceni epizddy
e aktualizacia semi-gradientovym pravidlom

e e

Wt+l = M_/t + OC[G{\ - O(St, VT/t)]V\,}(Sh VT/t) J
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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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Dopredny a spatny pohlad

@ Dopredny pohlad
e pre kazdy navstiveny stav sa uvazuji budiice odmeny a
ich zlozenie
e budice stavy st pouzivané opakovane (pre kazdy z
predchadzajiicich stavov)

@ Spatny pohlad
e pre kazdy navstiveny stav sa urci iba prva budlca
odmena
@ pre update sa uvaZzuju aj minulé stavy
@ budlce stavy nie st pouZivané opakovane

L
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Eligibility traces

@ 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)

Z_1 = 0
Zt- = ")/)\Zt_]_ + V\/}(St, V_Vt) 0 <t< T J

@ Interpretdcia ET
@ pamata si, ktord vaha vektora w prispela pozitivne alebo
negativne
@ schopnost zabldat minulost - minulé prispevky pomaly
"bledn” faktorom A\

@ Ovplyviuje mieru aktualizacie jednotlivych zloziek w

0 = Re1 + ’YV(St+1, Wt) - V(5t7 Wt)
Wil = Wi + 00: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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Analyza algoritmu TD(\)

e \ =0 (algoritmus TD(0))
e ET je gradient korespondujici so stavom S;
@ redukcia na jednokrokovy algoritmus

e 0< A<l
@ ¢im je hodnota vacsia, tym viac predchadzajicich stavov
je zohladnovanych
e )\ =1 (algoritmus TD(1))
e minulé stavy si diskontované pomocou y
o epizodické stavy nemusia byt diskontované (v = 1)
e redukcia na MC (zovSeobecneny MC so Sir§im pouZitim)
@ moze byt aplikovany aj na kontinualny diskontovany proces
@ je inkrementdlny (nemusi ¢akat do konca epizédy) - vie
reagovat okamzite na novl situdciu s CT
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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\(5/3 Ala W) - ‘?(S,A/a VT/)
W W+ adz
S« S A+ A
until S’ is terminal

vy
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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 -

(©Sutton-Barto: Reinforcement Learning, 2nd ed., 2018
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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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Online algoritmus na orezanej A-odmene

@ Princip

@ inkrementdlne bude zbierat ddta po jednom kroku
@ po kazdom kroku sa vrati a urobi opatovné aktualizacie
od zadiatku epizédy
e Simulacia (So, wp)
e h=1: So,Ao,Rl,Sl — G6\1
o Wll = wp + OZ[G&l — \7(50, Wol)]V\I}(So, Wol)
e h=2: So,Ao, Rl, 51, Al, Rg, 52 — GO)\:27 Gl/\2
o W12 =Wy + a[G&2 — \7(50, Wg)]V\I}(So, Wg)
o W22 = W12 + a[Gl);2 — \7(517 W12)]V\7(51, W12)
e h=3: 507A07 R17 517 A17 R27 527 A27 R37 53 —
Go'ss Glzs, G3s

o wj= W0 + a[Go s — 0(S0, W)V (S0, wd)
o w3 =wi+a[G); — (51, W) VI(S1, wd) s CIT
0 W=+ a[Gys — 0(S2, w)]VI(Sy, wd)
Mach (KKUI)
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True online TD(\) algoritmus

o Predchadzajici algoritmus je velmi vypocétovo
naro¢ny — nahrada pomocou ET
@ iba pre pripad, Ze aproximator hodnotovej funkcie je

linearny (0(s,x) = w'x(s))

@ Stopa sposobilosti (ET) je z (| Z |=| w |)

z1=0
Zt = 7)\21-_]_ + (1 — Oé'yAzt?;l)_((St)))_((St) J

o Aktualizacia jednotlivych zloziek w

0r = Rey1 +y0(Ser1, We) — 0(St, We)
Wei1 = Wi+ adeZ: +a(w,] %(S:) — w,” 1%(S:))(Z: — X(St))
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Algoritmus true Sarsa(\) odhadu g

Input: a feature function x : §* x A — R? such that x(terminal,-) = 0
Input: a policy 7 (if estimating gr)

Algorithm parameters: step size o > 0, trace decay rate A € [0,1]
Initialize: w € R? (e.g., w = 0)

Loop for each episode:
Initialize S
Choose A ~ 7(:|S) or near greedily from S using w
x < x(5,4)
z 0
Qotd <0
Loop for each step of episode:
| Take action A4, observe R, S’
| Choose A" ~ m(:|.S") or near greedily from S’ using w
| %« x(5 4
| Q+w'x
| @ wix
| 6<R+1Q -Q
| z+ A+ (1 - a’y)\sz) x
| wwta(d+Q— Qui)z — a(Q — Quia)x
| Qota @
| x+x
| A< A

until S’ is terminal

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