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MODEL-BASED VS. MODEL-FREE LEARNING
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Unknown P(A): “Model Based”

Unknown P(A): “Model Free”
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MODEL-BASED VS. MODEL-FREE REINFORCEMENT LEARNING

s s Sub

it I (GG s ol e R
Model-Free RL Model-Based RL
.ﬁJI&;gRJTGJﬁan o) ﬁﬁSJAUtQSMDPJJ‘ﬁ:J o)

.’:f_):\gLs_A..\lft)RJTJ
VT oboslsbagiss sl 0 1 el 51585 b g il 5SS pagws O
:".\:‘:\Suaadmau‘RJT",.M lAuJ._\.v
pafie (L5510
s Jals 5850k O
. ok Tk . Lasals 5l w8 gouliinl :Cye O
Q5" cofdbslachas il 0 g op ) g il g o s ©
:‘a..a.';Su.oul_%:.ulR‘,T',.;_w" 3l Gy : - TTt e
QuusSak ©

Prepared by Kazim Fouladi | Spring 2017 |3 Edition

P



Prepared by Kazim Fouladi | Spring 2017 |3 Edition

Jlad [ Jadie i o35 (5 uSals

PASSIVE VS. ACTIVE REINFORCEMENT LEARNING

s s Sub

Jlad (s o5 5 ySuly Jadio s o 5 uSaly
Active RL Passive RL
1S ol s ) b b Jole © ol el Jole el O
aau alash wlbs 43T S0k L lacls gaies g s Subicdua O

(oMo 5t Jolie 5o SLES) i 3L5)

.0

143






Prepared by Kazim Fouladi | Spring 2017 |3 Edition

Y

NP ML DR

JGa
MODEL-BASED REINFORCEMENT LEARNING

s s Sub

U0 50 GO GRS TGS
Model-Based RL

oS oo S MDP s il 0
’;’f-):SLS'AJlft)RJTJ
|J((Ca4u‘:uu‘)“)sz))‘:t«ufb:)‘)|)“)ﬁ»uu;\.au (@]

Lasals 5l w8 gouliinl :Cye O
Ry Tl pdowSscalugiliiae O

—
3 ”}; b/



Prepared by Kazim Fouladi | Spring 2017 |3 Edition

Y

g i il
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LEARNING THE MODEL IN MODEL-BASED REINFORCEMENT LEARNING

Episode 1 Episode 2

3 — — e B oo I N R R
(1,1) up -1 (1,1) up -1

) ' 1 100 (1,2) up -1 (1,2) up -1
(1,2) up -1 (1,3) right -1
(1,3) right -1 (2,3) right -1

1 i -— | - | - (2,3) right -1 (3,3) right -1
(3,3) right -1 (3,2) up -1

1 2 3 4 X (3,2) up -1 (4,2) exit -100
(3,3) right -1 (done)
v=1 (4,3) exit +100

(done)

T(<3,3>, right, <4,3>)=1/3

T(<2,3>, right, <3,3>)=2/2
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LEARNING THE MODEL IN MODEL-BASED LEARNING

Prepared by Kazim Fouladi | Spring 2017 |3 Edition

P

s s (e LA gl 595 51 L P (X) vl sa o
boss T ~ P(x)
x5 P(x) = count(x)/k
i a3 LS s 595 51 1L P(S7]5,@) asalsa oo

Lass 8o, 00, S1,01,52, - - .

count(s;.1 = s, a; = a, sy = )
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MODEL-FREE REINFORCEMENT LEARNING
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Model-Free RL
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DIRECT EVALUATION

Y Episode 1 Episode 2

3 — — el o le] N I R N
(1,1) up -1 (1,1) up -1

9 ' 1 100 (1,2) up -1 (1,2) up -1
(1,2) up -1 (1,3) right -1
(1,3) right -1 (2,3) right -1

1 i -— | - | - (2,3) right -1 (3,3) right -1
(3,3) right -1 (3,2) up -1

1 2 3 4 X (3,2) up -1 (4,2) exit -100
(3,3) right -1 (done)
y=1LR=-1 (4,3) exit +100

(done)

V(2,3) ~ (96 +-103) /2 =-3.5
V(3.3)~ (99 +97 +-102) /3 =31.3
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MODEL-FREE LEARNING
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Model-Free Estimation Model-Based Estimation
s P(x) aessisn) 2by el paliine (prads
2k el srulas Gupw Lo yad 595 5

x; ~ P(x)
P(z) = count(z)/N

Elf(x)) =) P(z)f(x)
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SAMPLE-BASED POLICY EVALUATION

Vo(s) =0
Ta(s) =) T(s,m(s), 8)[R(s,m(s), ) + 7V (s)]

e S (wlend s g T 51eS) 8" sladi s b1y el rau s SR 5 T oo

sample; = R(s,7(s),s}) + vV (s])
samples = R(s,7(s), sy) + V™ (sh)

sampley, = R(s,m(s),s}) +yVi"(s})

7
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TEMPORAL DIFFERENCE LEARNING
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TEMPORAL DIFFERENCE LEARNING
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S, 1(S)
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TEMPORAL DIFFERENCE LEARNING

1 START

0.6

0.5

0.4

0.3

Utility estimates

0.2

RMS error in utility

0.1

0 100 200 300 400 500 0 20 40 60 80 100
Number of trials Number of trials
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TEMPORAL DIFFERENCE LEARNING
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m(s) = argmax Q*(s, a)
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Q-LEARNING
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Bellman equation:

Q(a,5) = R(s) + yS T(s,7(s), 5,) max Q(d, '

s

Q-learning update:

Qla:s) «— Qla,s) + a(R(s) + max Q(d’, ) — Qla, 5))

Sl S pranad 5 (55250 (sos Jae Sl Lay Gy, S Q-learning
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Q-LEARNING
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EXPLORATION / EXPLOITATION
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0 50 100 150 200 250 300 350 400 450 500
Number of trials 1 2 3 4

Exploration vs. exploitation: occasionally try "suboptimal” actions!!
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EXPLORATION / EXPLOITATION
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EXPLORATION / EXPLOITATION
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PACMAN GAME: FEATURE-BASED REPRESENTATION
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LINEAR FEATURE FUNCTIONS

(S50 Ll S Sl soliiul
(059 I3 ) pan i a5 sl 15 (Vigao,) b L) O ol S a5 oo

V(s) = wifi(s) +wafa(s) + -+ wyfu(s)
Q(s,a) = wi fi(s) +wafa(s) + -+ wyfn(s)
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LINEAR FEATURE FUNCTIONS

Q(Sa CL) — w1f1<8) T w2f2(8) Tt wnfn(s)
1o 0 ool 2l L0 s Sl

transition = (s,a,r,s’)

difference = [r + ymax, Q(s',a")] — Q(s, a)

Q(s,a) < Q(s,a) + o - (difference)

w; < w; + a - (difference) - fi(s,a)

piS o palai3 ) Jlad sla S35 sla0 b5t (s 54 S
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PACMAN GAME

Q(Sa CL) - wDOTfDOT (87 G) + wGSTfGST (Saa)

Whop = 4.0 Wegp = —1.0
fDOT(s, NORTH) = 0.5
fGST(s,NORTH) = 1.0

Q(s,a) = +1
R(s,a,s") = —500
error = —501

Wpop — 4.0 + o x(=501) x 0.5 = 3.0
Wegp «— —1.0 + a x (=501) x 1.0 = —=3.0
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LINEAR REGRESSION: ORDINARY LEAST SQUARES (OLS)

. Error or “residual”
Observation Yy

Prediction ’g

1

]
0 1

i X
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LINEAR REGRESSION: ORDINARY LEAST SQUARES (OLS)

Error or “residual”

Observation Y

Prediction ¢/

2
3 (Z fi(zi)wy, — y.,-_)
Iii.

2
& E(w) = ;Z ( ] fr(xs)wy, — yz)

;i => (Z fr(@i)wy — y@) fm ()

Wm0 \k

E—F+ az (Z Jr(z))wy, — y@-) fm ()
i \k
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EXAMPLE: BACKGAMMON
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Model-Free RL
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Model-Based Dynamic Programming
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Richard 5. Sutton and Andrew G, Barto
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Richard S. Sutton, Andrew G. Barto,
Reinforcement Learning: An Introduction,
MIT Press, 1998.

Draft of unpublished new edition (2017):
https://webdocs.cs.ualberta.ca/~sutton/book/the-book-2nd.html



