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Value Iteration | ”/’/sw | Se, ay) Erowy
HoV\ZOV‘ 1 2 oey S ep) 3 VoWV

D
* = optimal value for state s when@

K=o

X ,
MVO(S)_C{VS >, ° \/ (S» = AKX ()055!13&
+ V7 (s) = optimal a/lue for state s when@ - -

|E \ \ 3/}1/ oY y re %(/\{V\ W\
Vi (s))= maxZP(s'Is, )(RG, 4,5 sty RV S
/7

W\V\,\LCL'J\’{C r&bJO’YcL bﬁ 30
o< \
S]l/pv\/{f\’tj @

+ V5 (s) = optlmal value for state s when H=2
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Value lteration

Algorithm:

Start with V;(s) =0 for all s.

For k =1, ... , H:

For all states s 1n S:

Vi (s) « mngP(s’\s, a)(R(s,a,s") +yVi_,(s"))

. (s) « argmax).P(s’|s,a)(R(s,a,s") + yV,_,(s"))
a S,

N
@ This is called a value update or Bellman update/back-up

i

Deep Reinforcement Learning Sharif University of Technology, RIML lab - Spring 2026 Lecture 03: Value Based - Part 1



alue lteration

VALUES AFTER 0 ITERATIONS

Noise =0.2

\{ —  Discount =
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Value lteration

. v
Vi(s) = mgzxZP(s'\s, a)(R(s,a,s") +yVy(s"))

——

VALUES AFTER 0 ITERATIONS

Noise =0.2
Discount = 0.9
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Value lteration .%o [0+ 0 dn ]
e —— VNCH)

l
+ o] Lo+ o1 xo]

V2(s) :P(S"S, a)(R(s,a,s") +yVy(s')) Folloy 0.9x0)

VALUES AFTER 1 ITERATIONS

Noise =0.2
Discount =0.9
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Value lteration

VALUES AFTER 2 ITERATIONS

Noise = 0.2
Discount = 0.9
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Value lteration

Viers (s) = max3P(s'ls, ) (R(s, a,5") + Vo (s)

VALUES AFTER 3 ITERATIONS

Noise = 0.2
Discount = 0.9
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Value lteration

Viers (s) = max3P(s'ls, ) (R(s, a,5") + Vo (s)
k=4

VALUES AFTER 4 ITERATIONS

Noise = 0.2
Discount = 0.9
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Value lteration

Vi1 (s) = maxgP(s'ls, ) (R(s, @, ) + YVo(s)
] k=5

VALUES AFTER 5 ITERATIONS

Noise = 0.2
Discount = 0.9
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Value lteration

Viers (s) = max3P(s'ls, ) (R(s, a,5") + Vo (s)

VALUES AFTER 6 ITERATIONS

Noise = 0.2
Discount = 0.9

Deep Reinforcement Learning Sharif University of Technology, RIML lab - Spring 2026 Lecture 03: Value Based - Part 1



Value lteration

Vi1 (s) = maxyP(s'ls, a)(R(s, ) + YVo(s)
] (=7

VALUES AFTER 7 ITERATIONS

Noise = 0.2
Discount = 0.9
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Value lteration

Viers (s) = max3P(s'ls, ) (R(s, a,5") + Vo (s)
k=38

VALUES AFTER 8 ITERATIONS

Noise = 0.2
Discount = 0.9
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Value lteration

Viers (s) = max3P(s'ls, ) (R(s, a,5") + Vo (s)

VALUES AFTER 9 ITERATIONS

Noise = 0.2
Discount = 0.9
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Value lteration

View1(5) = max3P(s'ls, ) (R(s,a,5") + YVo(s")
S
k=10

VALUES AFTER 10 ITERATIONS

Noise = 0.2
Discount = 0.9
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Value lteration

View1(5) = max3P(s'ls, ) (R(s,a,5") + YVo(s")
S
k=11

VALUES AFTER 11 ITERATIONS

Noise = 0.2
Discount = 0.9
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Value lteration

VALUES AFTER 12 ITERATIONS

Noise = 0.2
Discount = 0.9
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Value lteration

View1(5) = max3P(s'ls, ) (R(s,a,5") + YVo(s")
S
k=100

VALUES AFTER 100 ITERATIONS

Noise = 0.2
Discount = 0.9

Deep Reinforcement Learning Sharif University of Technology, RIML lab - Spring 2026 Lecture 03: Value Based - Part 1



Q-ValueS ,/\Kg\ = pv\rq“"“( Q (5/ ”\3

<
— expected utility startlng in s\, taking action a, and (thereafter) actlng
3 Y g

optimally ® M@*(% )

Vi(s) = %Q*(s,@') <@M N (S)e2)
+ Bellman Equation: OM O (S, oum) =

Q' (s,0) = 3P(sIs, ) (R(s,a,5") + ymaxQ*(s', @)

+ Q-value lteration:

u—: [ J) G
D[4

med be  non—optined
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Q-Value lteration

v\({ﬁ>€-: ZJ;/° —7 L(nyg

Qr+1(s,a) < ZP(S s, a)(R(s,a,5°) +ymaxQ,(s’,a’))
\S%NL"“) {2
k=100
v y y R< O

Y L]

Alﬂ. ConveNyes /{/O

Q-VALUES AFTER 100 ITERATIONS

Noise = 0.2
Discount = 0.9
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Policy Evaluation

+ Recall value iteration:

&V, (s) « maxy) . P(s'l|s, a)(R(S, a,s') + yV,f_l(s’))
+ Policy evaluation for a given n(s) :

AV (s) « X' P(s'ls, m(s))(R(s,7(s),s") + ¥Vi_1(s"))

+ At convergence:

FVsV™(s) « Y. P(s'|s, m(s))(R(s,m(s),s") +yV™(s))
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Policy Iteration

+ One iteration of policy iteration

@ Policy evaluation for current policy ;. Iterate until convergence

V() « ZP(s'ls, mic (IR (s, i (5), 87 + YV (5]

3

@ Policy improvement: find the best action according to one-step look-ahead
M 4+1(S) « argmax) P(s'|s,a)[R(s,a,s’) + yV™k(s")]
~ a S’
+ Repeat until policy converges

@ At convergence: optimal policy; and converges faster

. . o starting
than value iteration under some conditions V
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7/\1& (
One- step look ahead improves the pollcyfm 2,60

)

(1) (1) T ) T,
@ 1 l e\ > ﬂ 7 ﬁul %— - —
\ onsider an alternative pollcy T.s1) (6 s) that takes the prescribed actions in

PN @nly at time\t = O;)and stays the same as . (s) in later times.
| N—— ~

7"+ The value function V(s) for this new time-dependent policy is larger than or equal

to V(s) for the original policy m,(s) for all s. Why?

hich takes the prescribed action Iin nk}/l(s) only at timest =0

+ Now le n(k+1)(t s),

and t = T, and stays the same as T (5) in later times.
—=
(2)

+ Similarly, V(s) gets improved for =, ,,(t,s) compared to n(kﬂ)(t s) for all s.

+ Repeating this argument n((,‘:fl)(t, s) becomes the same as mj(s).
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An Example Noise
—p Y= Jisc. = | /\?o\\\d) \

gurt

+ Let this be the initial policy my, show how policy improvement, makes this policy
better.
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Planning vs. LearninD
— = s Wt | Mole/( ><

« Assumed to have access to the dynamics P(s’'|s, a).

We don’t have access to this in the real world.

*We need to estimate (or learn) the value functions.
et acces A s

n-" ‘cfw\ Q"(s,a) = ’P(s’\s, a)(R(s,a,s") +y7r%lc,le*(s’, a)) ¢
\\(\ S )
T\
ROBL
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Monte-Carlo Prediction
- CO\/\{"KC\



Monte Carlo Methods - Introduction

+ Experience samples to learn without a model o (
—_ Estimat® 'CI/\Q/ Vot

@h— Djﬁf_—? ME ?MJ " fwj\jm Losed  ow
*

ethods require only experience— sample sequences of states, actions, and

rewards from actual or simulated interaction with an environment. ~ The MPMW/”QLA

“6//’3 Sodas.
+ We can learn with sample@ no acces  Fo
Wov (4 mow\/} (5715, )

<

\
We don't have access to —— @débree Learning!

(PGS .

- /
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Monte-Carlo prediction

+ Suppose we wish to estimate V.. (s), the value of a state s under policy 7.

] . : Cn ]
+ The first-visit mc method estimates V. (s) as the average/ of the ggtur@togovvmg

first visits to s. > --- S - N ¥ 36%(

First-visit MC prediction, for estimating V' = v,

Input: a policyj_r__:cibe evaluated

=

Initialize:
V(s) € R, arbitrarily, for all s€S$ \% S \/(5 >4——6 C;; v S QY € HdT

Returns(s) « an empty list, for all S€S

"Loop forever (for each episode): \\/\A/OVPKD’\JJVV
Generate an episode following m: Sy, Ag, Ry, 51,41, Ry, ..., 871, Ar_1,Rp

retun <D ] 1

Loop for each step of episode, t=T-—-1,T —2,...,0:

S

G < yYG+ Reyq S
~ -~
——; Unless S; appears in Sg, 571, ..., St—1: b ~le

Append G@Retur@) — = P

V(S,) « averag@ S -

74
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Episodes: another example

fy oy et
Input Policy 7

/\\[ Ea/(rw\‘\/\k\

Eplsode 1

D exit, X, +10

’__——__’\/

Episode 3

E, north, C, -1
/ C,east, D, -1
Assume:y=1 D, exit, x, +10

S \\,\,\U\-\&/(’OJ ~ \&l
/

Deep Reinforcement Learning

’ast C ast C -1
east D 1 % east D, 1}

M E, north, C, -1

Sharif University of Technology, RIML lab - Spring 2026

>
Observed Episodes (Training) < Output Values

Eplsode 2

D, exit, x, +10
ﬁ'

Episode 4

C,east, A, -1
A, exit, x, -10
|
\/7‘ Me < >
/DO‘(’(’\ — ‘l/( i [ _—
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Every Visit Monte-Carlo Policy
N

Every Visit Monte-Carlo Policy

Initialize N(s) =0,G(s) =0Vs €S T~

a
‘ va 0

ample episode [ = S;1,Q;1,7i1,Si,2, A2, 10,2 -+ Si,T;

Define Gt =1 ¢ + VTit+1 +V27"i,t+2 + ---yTi_lri,Ti as return from time step t onwards 1n

1'th epilsode.

(W }/\/l,\ow\/ For each time step t until T; (the end of the episode [):
\ state S 1s the state visited at time step t in episodes [
| F — >, Increment counter of total visits: N(s) = N(s)+1

Increment total return: G(s) = G(S) + G;¢

Update estimate V™(s) = G(s)/N(s)
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> Define Gt =Tit + VTit41 T yzri,HZ + -+ (as return from time 1

o=

L, . VAR
A (5 step t onwards in i'th episode (s) \‘44/\
> For state s visited at time step t 1n eplsockﬂt ) =l
o - ol ~ Increment counter of otal Vi 1t N(S) = N(s)+1
T O

~ Update estimate )

C WA N | w\l L—lf\
| &7&? g =) VT(s) = KK/ | V(s (. ))
| RSPIRS N(s) N(s) =G

QS’\\V"“"‘*/

\O'\/'\ 'C/{Yc’{
&.\/(@\//\g C
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Policy Evaluation Diagram

—Action ™"
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Policy Evaluation Diagram

Action

States
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Policy Evaluation Diagram

“|Actions
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Policy Evaluation Diagram
VO =V + a(Gio)— V™ (s))

Actions '

States

o Expectatio n

T| =Terminal state
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Policy Evaluation Diagram

VT (s) = V(5) + a(Gye — V7 (s))

/

MC updates the value estimate C>7 (.t = YR
using a sample of the return to > ¢ ) T ( \ al (Sﬂ
\/ ﬂ( Ss) = S approximate an expectation T <’ —
j — Actions —
pr— Al ) i K(S/ﬂ@\/gf\ +
1 \/T( N . States [ o }
A o .' b
¢ O A N

T| =Terminal state
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