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Partea IlI

Invatarea prin recompensa



Partea Il in plan

Problema de invatare prin recompensa
Solutia optimala

Programarea dinamica exacta
invatarea prin recompensa exacta
Tehnici de aproximare

Programarea dinamica cu aproximare

invatarea prin recompensa cu aproximare



Gama de algoritmi

Dupa utilizarea unui model:
@ Bazat pe model: f, p cunoscute
@ Fara model: doar date (invatarea prin recompensa)

Dupa nivelul de interactiune:
@ Offline: algoritmul ruleaza in avans
@ Online: algoritmul controleaza direct sistemul

Exact vs. cu aproximare:
@ Exact: x, u numar mic de valori discrete
@ Cu aproximare: x, u continue (sau multe valori discrete)



Continut partea Il

o Monte Carlo, MC
9 Diferente temporale, TD

9 Accelerarea metodelor TD



Monte Carlo

0 Monte Carlo, MC



Monte Carlo
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Reamintim: lteratia pe legea de control

lteratia pe legea de control

inifializeaza legea de control hy
repeat la fiecare iteratie ¢
1: evaluarea legii de control: gaseste Q"
2: imbunatatirea legii de control:
he,1(x) « argmax, Q™ (x, u)
until convergenta la h*




Monte Carlo
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Evaluarea legii de control

Pentru a gasi Q”:
@ Pana acum: metode bazate pe model
@ invatare prin recompensa: modelul nu este disponibil

e Invatd Q" din date sau prin interactiune online cu
sistemul



Evaluarea Monte Carlo a legii de control

Reamintim: Q"(xo, U) = p(Xo, Uo) + ’th(X1)

y Y Uy

.—>‘—>‘—>”° (=) H ©

@ Traiectorie din (xp, Ug) pana in xx (terminala)
folosind uy = h(x1), u> = h(x2) etc.

= Q"(xo, Up) = returnul pe traiectorie:
K-1 .
Q(x0,u0) =D 1

@ Lafiecare pas:

K—1
Q"(x, ux) = Zj:k “/lfk”j+1



Monte Carlo
[e]e]e] lelele]

Cazul stohastic

Ik e
H ()

@ N traiectorii (difera datorita naturii stohastice)
@ Valoarea Q estimata = media returnurilor, ex.

N Ki—1

Q"(xo, Uo) ZZW"I/H

/1/0
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Cazul stohastic (cont.)

@ Reamintim definitia valorii Q":
Q"(xo, Ug) = Ex, {ﬁ(Xo, to, x1) + yR" (x4 )}

:Etraj. X1,X2,... {p(XO7UO7X1 +PYZ Xjah(Xj)7Xj+1)}
K—1

= E traj. x; ,%0,... it X0, Uo
j=0

(cu presupunerea ca traiectoriile se termina
dupa un #finit de pasi K)

= Convergenta la valoarea Q cand N — o~

N Ki—1

*ZZV’MH —  Q"(x, W)

i=1 j=0
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00000e0

lteratia Monte Carlo pe legea de control

lteratia Monte Carlo pe legea de control

for fiecare iteratie ¢ do
efectueaza N traiectorii aplicand hy
reseteaza la 0 acumulator A(x, u), counter C(x, u)
for fiecare pas k din fiecare traiectorie i do
A(Xi, U) — A(Xk, Ug) + ZJKZ"? vY=Kri j 11 (return)
C(Xk, Uk) — C(Xk, Uk) + 1
end for
Q" (x,u) — A(x,u)/C(x, u)
he11(x) < argmax, Q" (x, u)
end for

De notat: atingerea starii terminale trebuie garantata!



Monte Carlo
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Robot menajer: Monte Carlo, demo

Monte Carlo, trial 70 [piter 7 done, peval 10]
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Monte Carlo
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Nevoia de explorare

Q"(x, u) — A(x, u)/C(x, u) )

Cum asiguram C(x, u) > 0 — informatie despre fiecare (x, u)?

@ Stariinitiale xo selectate reprezentativ
@ Actiuni:
up reprezentative, cateodata diferite de h(xo)
si in plus, posibil:
uk reprezentative, cateodata diferite de h(x)



Monte Carlo
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Explorare-exploatare

@ Explorarea necesara:
actiuni diferite de legea curenta de control

@ Exploatarea cunostintelor curente necesara:
legea de control trebuie aplicata

Dilema explorare-exploatare
— esentiala n toti algoritmii de RL J

(nu doar in MC)



Monte Carlo
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Explorare-exploatare: strategia c-greedy

@ O solutie simpla: =-greedy

e — h(x) cu probabilitatea (1 — ex)
o actiune aleatoare cu probabilitatea ¢

@ Probabilitatea de explorare ¢, € (0, 1)
scade de obicei in timp



Monte Carlo
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imbunatatirea optimista a legii de control

@ Legea de control neschimbata pentru N traiectorii
= Algoritmul invata incet

o Imbunatatirea legii de control dupé fiecare traiectorie
= optimist



Monte Carl

Metoda Monte Carlo optimista

Metoda Monte Carlo optimista
initializeaza la 0 acumulator A(x, u), counter C(x, u)
for fiecare traiectorie do
efectueaza traiectoria, ex. aplicand e-greedy:
argmax, Q(xx,u) cuprob. (1 —ek)
Y= aleatoare cu prob. &
for fiecare pas k do
A(Xk, Uk) — AXi, Ui) + S0 AR
C(Xk, uk) «— C(x, ux) + 1
end for
Q(x,u) — A(x,u)/C(x, u)
end for

@ himplicit, greedy in Q
@ actualizarea Q = implicit imbunatatirea h b



Monte Carlo
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Robot menajer: Monte Carlo optimist, demo

Monte Carlo, trial 70 [piter 70 done, peval 1]

_:_ —|—|—|— 8

— Q(x, left)
J= Q(, right) |

0 10 20 30 40 50 60 70
policy teration



Diferente temporale

9 Diferente temporale, TD
@ Introducere
@ SARSA
e invatarea Q



Diferente temporale
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Reamintim: Evaluarea legii de control

@ Transforma ecuatia Bellman pentru Q":
Q"(x,u) = p(x, u) + Q" (f(x, u), h(f(x, u)))

intr-o procedura iterativa:

repeat la fiecare iteratie 7
for all x,udo
Qr1(x, u) < p(x, u) + Q- (f(x, u), h(f(x, u)))
end for
until convergenta la Q"



Diferente temporale
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Perspectiva DP

@ Pornim de la evaluarea legii de control:
Q11(X, 1) — p(x, U) +¥Q: (F(x, u), A(F(x, u)))

@ In loc de model, folosim la fiecare pas k tranzitia
(Xks Uky Xk415 k1, Uky1)-
Q(xk, Uk) « kst +7Q(Xkp15 Ukst)
De notat: X1 = f(Xk, Uk), Iy = p(Xk, Uk), Ukyq ~ h(Xk+1)

© Transformam intr-o actualizare incrementala:
Q(Xic; Ui) QX Ug) + v
[kt + Y Q(Xk41, Uky1) — Q( Xk, Uk)]
ak € (0, 1] rata de invatare



Diferente temporale
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Algorltm intermediar

Diferente temporale pentru evaluarea h

for fiecare traiectorie do
initializeaza xg, alege actiunea initiala ugp
repeat la fiecare pas k
aplica ug, masoara Xy, primeste ri 1
alege actiunea urmatoare uy 1 ~ h(xx,1)
Q(Xk, Uk) — Q(Xk, Ux) + g
[Fk1 + Y Q(Xkt1, Uk1) — Q(Xk, Uk)]
until traiectoria terminata
end for



Diferente temporale
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Perspectlva MC

Diferente temporale pentru evaluarea h
for fiecare traiectorie do

repeat la fiecare pas k
aplica ug, masoara Xy, primeste ri 1

Q(Xk, Uk) — Q
until traiectoria terminata
end for
Monte Carlo



Diferente temporale
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Perspective MC si DP

@ invata din interactiune online: ca si MC, diferit de DP

@ Actualizeaza dupa fiecare tranzitie,
folosind valorile Q precedente: ca si DP, diferit de MC

o 5 )
RE  iteratia pe valoare,\ diferente
o)
2 pe legea de control temporale
:g \
DO +
g8 Monte Carlo
© &
“ g bazate pe model f4ra model
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Explorare-exploatare

alege actiunea urmatoare vy 1 ~ h(Xx11) J

@ Informatii despre (x, u) # (x, h(x)) necesare
= explorare

@ h trebuie urmarita
= exploatare

@ Ex. e-greedy:

_ Jh(Xk+1)  cuprob. (1 —ekyq)
U1 =
aleatoare cu prob. e 1



Diferente temporale
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9 Diferente temporale, TD

@ SARSA



Diferente temporale
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Imbunatatirea legii de control

@ Algoritm precedent: h fixata

o Imbunatatirea h: cel mai simplu, dup4 fiecare tranzitie

= interpretare: iteratie pe legea de control
optimista la nivel de tranzitie

@ himplicit, greedy in Q
(actualizarea Q = implicit imbunatatirea h)



Diferente temporale
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SARSA

SARSA cu e-greedy
for fiecare traiectorie do
initializeaza xg
. argmax, Q(xp, u) cu prob. (1 — &)
aleatoare cu prob. ¢q
repeat la fiecare pas k
aplica ug, masoara Xy, primeste ry 1
B = {arg max, Q(Xx+1,U) cuprob. (1 —exi1)
aleatoare CU prob. ey 1
Q(Xk, uk) — Q(Xk, Ux) + -
[Fks1 + Y Q(Xg1, Uks1) — Q(Xk, U]
until traiectoria terminata
end for




Diferente temporale
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Numele SARSA

(Xk» Uk Tk1> Xk1> Ukg1) =
(Stare, Actiune, Recompensa, Stare, Actiune) = SARSA



Diferente temporale
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Robot menajer: SARSA, demo

Parametri: « = 0.2, ¢ = 0.3 (constanti)
Xo = 2 sau 3 (aleator)

SARSA, trial 8, step 3

F1© S
—|—|—

T

——Q(x, left)
25— Q(x, right)

0
0 1 2 3 4 5

- state,
. —e—a-q'||
3 \
2 . -

0 1 2 3 4 5 6 7

trial



Diferente temporale
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Inlocuirea unei masini: SARSA, demo

Parametri: « = 0.1, ¢ = 0.3 (constanti), 20 pasi pe traiectorie
Xo = 1
SARSA, trial 30 completed

L (w | R

Qix, VWait)
Qix, Replace) [




Diferente temporale
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9 Diferente temporale, TD

e invatarea Q



Diferente temporale
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Reamintim: lteratia Q

@ Transforma ecuatia de optimalitate Bellman:
Q*(x,u) = p(x,u) +~ymax Q*(f(x,u), )
u/

intr-o procedura iterativa:

repeat la fiecare iteratie ¢
for all x,udo
QK—H (X» U) — p(X, U) +ymax, Qg(f(X, U), ul)
end for
until convergenta la Q*



Diferente temporale
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invatarea Q

@ Similar cu SARSA, pornim de la iteratia Q:
Qri1(x, U) < p(x, u) +ymaxy Quf(x,u), )

@ In loc de model, folosim la fiecare pas k tranzitia

(Xk> Uk, X1 5 k1)
Q(Xk, Ux) — k1 +ymaxy Q(Xks1,U')

De notat: Xk 1 = f(Xk, Uk), rk+1 = p(Xk, Uk)

© Transformam intr-o actualizare incrementala:
Q(Xk, Uk) < Q(Xk, Ug) + ag-
(i1 -+ max Qxicy1, U') — QXk )]



Diferente temporale

Invatarea Q cu e-greedy
for fiecare traiectorie do
initializeaza xg
repeat la fiecare pas k
L, — Jargmax, Q(xk,u) cuprob. (1 —ek)
“7 ) aleatoare cu prob. e
aplica ug, masoara X1, primeste ry 1
Q(Xk, k) < Q(Xk, Uk) +
[Fk1 + max Q(Xk+1, U") — Q(xx, ug)]
until traiectoria terminata
end for



Diferente temporale
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Robot menajer: invatarea Q, demo

Parameteri — ca si SARSA: a = 0.2, ¢ = 0.3 (constanti)
Xo = 2 sau 3 (aleator)

Q-learning, trial 8, step 3

F1© S
—|—|—

T

——Q(x, left)
25— Q(x, right)

15
1
05 |
0
0 1 2 3 4 5
. state, x
4 [—®—a-q|
3 i
2 . . . >
0 1 2 3 4 5 6
tral



Diferente temporale
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Inlocuirea unei masini: invatarea Q, demo

Parametri: « = 0.1, ¢ = 0.3 (constanti), 20 pasi pe traiectorie
Xo = 1

Q-learning, trial 30 completed

R | R |98,
6
Qix, VWait)
5 Qix, Replace) [1
4
3
2
1
0 .
1 2 3 4 5
85 =
8 —%—a-a
75
7 . L .
0 5 10 15 20 25 30
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Convergenta

Conditii de convergenta la Q*:
@ Toate perechile (x, u) continua sa fie actualizate:
asigurat de explorare, ex. e-greedy

@ Conditii tehnice pentru ay (scade spre 0, "3 a2 = finit,
dar nu prea repede, > "7, o — o0)

in plus, pentru SARSA:

© Legea de control trebuie sa devina greedy la infinit
ex. limyg_, e,k =0



Diferente temporale
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On-policy / off-policy

SARSA: on-policy
@ Estimeaza permanent functia Q a legii de control curente

invatarea Q: off-policy

@ Indiferent de legea de control curenta,
estimeaza functia Q optimala



Diferente temporale
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Diferente temporale: Discutie

Avantaje
@ Simplu de inteles, implementat
@ Complexitate scazuta = executie rapida

SARSA vs. invatarea Q

@ SARSA mai putin complex decat invatarea Q
(fara max in actualizarea functiei Q)

Secventele a, ¢, influenteaza semnificativ performanta

Dezavantaj principal
@ Necesita multe date



Accelerarea TD

e Accelerarea metodelor TD
@ Motivare
@ Urme de eligibilitate
@ Reluarea experientei



Accelerarea TD
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Nevoia de a accelera metodele TD
Dezavantaj principal: Tnvata incet — necesita multe date
In practica, datele costa:
@ timp

@ profit (performanta scazuta datorita explorarii)
@ uzura a sistemului

Accelerarea RL = eficientizarea folosirii datelor ’




Accelerarea TD
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Exemplu: Navigare 2D

@ Navigare intr-o lume 2D discreta
de la Start la Goal

@ Singura recompensa = 10 la atingerea G (stare terminala)



Accelerarea TD
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Exemplu: TD
r:::] 0\
G G
IS i e T
'S 'S

@ Alegem SARSA, a = 1;initializam Q =0
@ Actualizari de-a lungul traiectoriei din stanga:

Q(x4,Us) =0+ - Q(x5,u5) = 0
Q(X5,U5): 104+~-0=10

@ O noua tranzitie de la x4 la x5
necesara pentru a propaga informatia la x,! up



Accelerarea TD
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Accelerarea TD: 2 idei

@ Lasa urme de eligibilitate
de-a lungul traiectoriilor

@ Stocheaza si reia experienta



Accelerarea TD
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e Accelerarea metodelor TD

@ Urme de eligibilitate



Urme de eligibilitate

@ Idee: Lasa o urma de-a lungul traiectoriei:

e(X,u,)=1
g X ia)=(7)°  OKeartha)= /)IX“ I

G

@ )\ € [0, 1] rata de scadere

Urme de eligibilitate “cu inlocuire”
e(x, u) < 0 pentru toate x, u
for fiecare pas k do
e(x, u) < \vye(x, u) pentru toate x, u
e(xk, Uk) —1
end for




Accelerarea TD
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SARSA())

@ Reamintim SARSA original actualizeaza doar Q(xk, U):
Q(Xx, k) «—Q(Xk, Uk) + v

[Fke1 + Y Q(Xkr1, Uk1) — Q(Xk, U)]

@ SARSA()) actualizeaza toate perechile eligible:
Q(x,u) —Q(x,u) + ak - e(x, u)-

[Fk1 +7Q(Xky1, Uk1) — Qxk, Uk)] VX, u



Carlo Diferente

Alg

Accelerarea TD

oritmul SARSA())

SARSA(\)

for fiecare traiectorie do
e(x,u) —0 Vx,u
initializeaza xg, alege actiunea initiala ugp
repeat la fiecare pas k
aplica ug, masoara Xy, primeste ri 1
alege actiunea urmatoare uy 1
e(x,u) — \ye(x,u) Vx,u
e(xk, Uk) — 1
Q(x,u) — Q(x, u) + ax - e(x, u)-
[kt +vQ(Xka1, Uks1) — Q(Xk, uk)] for all x, u
until traiectoria terminata
end for



Accelerarea TD
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Exemplu: Efectul urmei de eligibilitate

1
(G G
T - | — | —
| _ Xi| Xs ,, ! _ T
B s

e \=0.7

@ Actualizari pana la x4: Q ramane 0

@ La xs, toata traiectoria actualizata imediat:
Q(xs,us) =10 +~0 =10
Q(x4,Us) = (yA)[10+~0] = 3.5
Q(x3, u3) = (YA)?[10 +~0] = 1.225



Accelerarea TD
TD versus MC
@ \ =0 = algoritmii originali regasiti
@ \=1 = TD devine similar cu MC
AR,
/
/G ~ e
T T =0 — — =1
A TD original MC

N

De obicei, A € [0.5,0.8] functioneaza rezonabil
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Robot menajer: SARSA()), demo

Parametri: « = 0.2, ¢ = 0.3 (ca SARSA original), A = 0.5
Xo = 2 or 3 (aleator)

SARSA(lambda), trial 6, step 2
l
- — | —|—

——Q(x, left)
31 —— Q(x, right)

o N »a_ o o

o
N
ot
IS
o
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Invitarea Q(\)

@ Similar cu SARSA, actualizarea originala:
Q(Xi, Ux) —Q( X, Uk) + ue-
[t + vy max QX1 u') — Q(xk, ug)]

@ Se transforma n:
Q(x,u) —Q(x,u) + ak - e(x, u)-

[rk+1 + v max Q(Xk+1 ) U/) - Q(Xk7 Uk)] vxﬁ u
u/

@ De notat: actiunile de explorare intrerup cauzalitatea
= urma poate fi resetata la 0



Monte (

o ere - Accelerarea TD

Algoritmul Q())

Q(A)
for fiecare traiectorie do

e(x,u) —0 Vx,u

initialize xo

repeat la fiecare pas k
aplica ug, masoara Xy, primeste ri 1
if ux exploratoare then e(x,u) — 0 Vx,u
else e(x,u) — \ye(x,u) Vx,u
end if
e(Xy, Ux) — 1
Q(x,u) — Q(x,u) + ax - e(x, u)-

(i1 + 7y max Qx1, U') = Qlxi, k)] vx, U

until traiectorie terminata
end for
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Robot menajer: Q()\), demo

Parametri: « =02, =03, A =05
Xo = 2 or 3 (aleator)

Q(lambda)-learning, trial 5, step 2
l
- — | —|—

——Q(x, left)
25— Q(x, right)

15
1
05 /—,7
o -
0 1 2 3 4 5
- state, x
4 [—®—a-q|
3 i
2 . .
0 1 2 3
trial



Accelerarea TD
0000000000

e Accelerarea metodelor TD

@ Reluarea experientei



Accelerarea TD
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Reluarea experientei

@ Stocheaza fiecare tranzitie (Xk, Uk, Xk+1, Mk+1)
(pentru SARSA, si uk 1) intr-o baza de date

. >
zmn
i

@ La fiecare pas, reia n tranzitii din baza de date
(pe langa actualizarile normale)



mpc Accelerarea TD

Invatarea Q cu reluarea experientei

Invatarea Q cu reluarea experientei

for fiecare traiectorie do
initializeaza xg
repeat la fiecare pas k
aplica ug, masoara X1, primeste ri 1
Q(Xk, Ux) «— Q(Xk, Uk) + ak:
[Fic1 + v max QX1 u') — Q(Xk, uk)]

adauga (Xxk, Uk, Xk+1, k1) la baza de date
ReiaExperienta
until traiectoria terminata
end for
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Procedura ReiaExperienta

ReiaExperienta
loop de n ori
preia o tranzitie (x, u, x’, r) din baza de date
Q(x,u) — Q(x,u) + a
[r +~ymax Q(x', ') — Q(x, u)]
ul

end loop
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Directia de reluare

Ordinea de reluare a tranzitiilor:
@ Inainte

Q Inapoi

© Arbitrar
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Exemplu: Influenta directiei de reluare

—

@ Verde: actualizarile normale, mov: reluarea experientei
@ Stanga: reluare inainte; dreapta: reluare inapoi
@ Reluarea inapoi in general preferabila
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Exemplu: Agregarea informatiei

sk

I L
"\S _ : :\S 2 i

@ Reluarea experientei agrega informatie
din mai multe traiectorii

@ Casuta indicata profita de informatii
de-a lungul ambelor traiectorii
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Robot menajer: Q cu reluarea experientei, demo

Parametri: o« = 0.2, ¢ = 0.3, n = 5, directia Thapoi
Xo = 2 or 3 (aleator)

ER-Q-earning, trial 13, step 2 [replaying trial 8, step 2]

L || —|5 8
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Recapitulare: Metode in Partea |l

Metode Monte Carlo, MC:

o lteratia Monte Carlo pe legea de control
e Varianta optimista

Diferente temporale, TD:

o SARSA
e Invatarea Q

Accelerarea TD:

e Urme de eligibilitate
o Reluarea experientei
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Terminologie engleza

Monte Carlo methods
exploration-exploitation
temporal differences, TD

metode Monte Carlo
explorare-exploatare
diferente temporale

invatarea Q = Q-learning
SARSA = SARSA

urme de eligibilitate
reluarea experientei

eligibility traces
experience replay
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