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environment: chess board
task: play and win a chess game
actions: move chess pieces
implementation: Min-Max algorithm
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AlphaGO playing GO (2016)
(Deep Reinforcement Learning)
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environment: GO board

task: Play Go game and win
actions: move pieces
implementation: reinforcement
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AlphaZero (2017)

Neural Network + MCTS
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Deep Blue (1997)
Minimax + Alpha-Beta
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Reinforcement Learning

more general than supervised/unsupervised learning
learn from interaction w/ environment to achieve a goal b lao
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START

Actions: UP, DOWN,

+1

move UP 80%

move LEFT 10%

e reward +1 at [4,3], -1 at [4,2]

» reward -0.1 for each step

* what’s the strategy to achieve max reward?

< what if the actions were deterministic?

Adv. App. of Al and DT

LEFT, RIGHT

UpP

move RIGHT10%
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Is this a solution? 1t

t

- | = -

+1

» only if actions deterministic

— not in this case (actions are stochastic)

» solution/policy

— mapping from each state to an action

Adv. App. of Al and DT

Optimal policy

- | = =

+1

* *

t > 1

-

Adv. App. of Al and DT

Reward for each step: -0.1
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Reward for each step: -2 Reward for each step: +0.1
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Markov Decision Process (MDP)
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Markov Decision Process (MDP)
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MDP Jt.

Vi(s) =E |3 ¥ R(Stsrs @rokr secks1) | 50 = s}
k=0

four preference scenarios:

(a) Prefer the close exit (+1), risking the cliff (-10)

(b) Prefer the close exit (+1), but avoiding the cliff (-10)
(c) Prefer the distant exit (+10), risking the cliff (-10)
(d) Prefer the distant exit (+10), avoiding the cliff (-10)

four parameter settings:

(1) y=0.1, noise = 0.5 (@)
(2) y=0.1, noise = 0 (b)
(3) 7=0.99, noise = 0.5 (c)
(4) y=10.99, noise = 0 (d)

Adv. App. of Al and DT 21

Markov Decision Process (MDP)

» set of states S, set of actions A, initial state S,
o transition model P(s,a,s’)

- P([1,1], up, [1,2] ) = 0.8 +1
o reward function r(s) - -1
- r([4,3]) = +1
« goal: maximize cumulative reward in the long run START

« policy: mapping from S to A
- m(s) or n(s,a) (deterministic vs. stochastic)

« reinforcement learning
- transitions and rewards usually not available
- how to change the policy based on experience
- how to explore the environment

Adv. App. of Al and DT 22
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additive rewards o sl
- V(Sgs Syy «) = (Sg) *+ 1(Sq) +1(Sy) + ..

- infinite value for continuing tasks

discounted rewards Wl A e ISk

= V(Sgy Sqy «) = 1(Sp) + Y*r(Sq) + Y2*r(sy) + ...
- value bounded if rewards bounded

Adv. App. of Al and DT 23

Value functions s, b

state value function: V*(s) el ol @b
— expected return when starting in s and following ©t
state-action value function: Q™(s,a) P18 — Al (550 @b
— expected return when starting in s, performing a, and following ©t
S
useful for finding the optimal policy a

— can estimate from experience

—

— pick the best action using Q™(s,a)

Bellman equation ool Jao 9

V() =Y w(s,a) Y Pl [rey + V()] =3 7(5,0)Q7(5,0)

5 o e oS Sk Al 81 5 2
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g o)) @b
» there’s a set of optimal policies
- V= defines partial ordering on policies
- they share the same optimal value function
V*(s) = max V7™(s)

o Bellman optimality equation

V*(s) = mgxz Py [7'?8/ + ny*(s')]
S/

- solve for V*(s)
- easy to extract the optimal policy

» having Q*(s,a) makes it even simpler

7*(s) = arg max Q*(s,a)

<1 DQN , Q-ledrting A4 &
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def ai
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DP: Dynamic Programming
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e policy improvement: V= -> 1’

Policy evaluation/improvement

policy evaluation: &t -> V©

[IURTPNPYS | JCR PSS ; S A St S SN ARG PSS
i 355 or e e a1y 1l 6T g LS 4T e
.bﬁdaém‘;ﬁybw&gﬂjﬂ)ﬁj})

Vig1(s) = Y m(s,0) Y- Pl [rly 4+ 4Vi(s)]
a k/

- start with an arbitrary value function V,, iterate until V, converges

LT o Cnds dslean*m rl.\j\m};Jlsnl{Ja:,‘igﬁ_ sl
35 o e Il =l a6l 251l S T LS

/
arg mc?xZ/Psas, [r‘sls, + V(s )]
S

' (s)

arg maaxQ”(s,a)

n’ either strictly better than g, SKimaisroptimal (if = = n’) "
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(MC) ¢l cigo w95

MC Methods: Monte Carlo methods
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V(s) = average of all G, when s is visited
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b b33 —gd )l Cdgo w9

* want to estimate V7(s)
= expected return starting from s and following ©t

— estimate as average of observed returns in state s

e first-visit MC

— average returns following the first visit to state s
s s
E +1 -2 0 +1 -3 +5
sy, O—e—0——0—e—0—e—(—o——e—0 O —eo—0—e—ll
Sy O——0—o—0—o0—0—0—0—0—0—0—0—0—0——1
sy —O0—@—0— —O— —O0— —O0— —O0— —O0— —O0—
Sy m—Om— m—0m— —0m— —0m— —0m— —0— —0— —O—
Sy m—— —— —— ——— —P—— — O —O—

Ry(s) = +2

Ry(s) = +1
R;(s) = -5

Ry(s) = +4

Adv. App. of AlandW(s) = (2 + 1 -5 + 4)/4 = 0.535

CAlas S g

Jbe 5 2 58 (5,8 5k oy o5
Markov Decision Processes 5 sS ;s (¢ ﬁf ] I,
J> sl
Dynamic Programming °
Monte Carlo methods °
Temporal-Difference learning °
Q-learning
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. . 2 P —
TD Learning: Temporal Difference Learning ol 555,16 o o Gl b & Jis) o0l 5

e Alsly u;s,? Glabad Olan 53 058

combines ideas from MC and DP S lrters
R TR AP D]

- like MC: learn directly from experience (don’t need a model)
- like DP: learn from values of successors
- works for continuous tasks, usually faster than MC

constant-alpha MC:
- have to wait until the end of episode to update
V(sg) «— V(st) + a[Ry — V(s)] L —— —— —o— ——

L
—~— target

simplest TD
- update after every step, based on the guccessor
. . o——0
V(st) — V(st) +a[repn + 9V (si41) = V(st)]
Adv. App. of Al and DT 37

MC vs. TD

observed the following 8 episodes:
A-0,B-0 B-1 B-1
B-1 B-1 B-1

°
o

MC and TD agree on V(B) = 3/4

MC: V(A) = 0

- converges to values that minimize the error on training data

r=1

« TD: V(A) = 3/4 75% _~
- converges to ML estimate @
of the Markov process
r=0"x
25%
Adv. App. of Al and DT 38

Dr. Hasan Ghasemzadeh

6/2/2026

19



K.N. Toosi University of Technology

# Download data

True

el y b x4 o 515k o T Con g
i d& S 6 el
il (s iy S s 150 el ST o
255 st S L g et (S35 51135 Jlaz|

# Gold Futures symbol in Yahoo Finance

Adv. App. of Al and DT

a..«LLiT obuwjbwwgfﬂdb

14 RL gold price 2026 Markov Chain.py

NI CNE PRI

39

o

oy |

# Standard format

# Dates

# Check data

# Current price

# Convert to 1D numpy array

# MultiIndex fallback

14 RL gold price 2026 Markov Chain.py

Adv. App. of Al and DT

oo id oMb i o il

Mo 555 Cad s
40
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ol lole b jo Wb Cwd o iuidle
# 3. Define market states
def Mo o Dol puis (G
if
return 13,13 Cand g Hlgr Lais 50
elif
return .
1if > Sl
eli L -
return s b Sha_rp Drop
S | Mild Drop
else e Mild Ri
return e ) lld Rise
NURE-NV-) Sharp Rise
for in enumerate
Adv. App. of Al and DT 41

oo T ole o SO s o Jls
# 4. Calculate daily percen{age changes - Gﬁ -

np Mo Cad Sl oS el

# Convert changes to state sequence

1S 5l o iy S

for in Sl ) Lomdy oS @ ey L (mdy 8 5l my

# 5. Build transition matrix
#f ========================================= Juﬁlwl;ubﬁ,‘lﬂ,

o o Jlol e L5k cands o 5l e

?Q..n‘ﬁé)\bﬁﬁrx.é}ﬁb

# Normalize rows safely
. = trg True
# Avoid division by zero

pd.DataFrame

Adv. App. of Al and DT 42

Dr. Hasan Ghasemzadeh 21



K.N. Toosi University of Technology

# 6. Predict future prices
#

ou\.'..iT ouw)awwwﬂdb

d ef

# Start from last observed state

for inrange

# Safety check
if np
np
# Choose next state
np.random

# Simulate movement

if

np.random
elif

np.random
elif

np.random
else

np.ran dom

Gdny Cand g 265 )l sladlezt ulul py asl
S e Ol |

Ul e e b 3illan 058 Lol 3olas Solsus!
Dgd rlgd

43
Adv. App. of Al and DT

# New price

return pre
# Run prediction

pd

o%TouMJwaWﬂdb

Adv. App. of Al and DT 44
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Transition Matrix:

Sharp Drop Mild Drop Mild Rise Sharp Rise
Sharp Drop  0.134831 0.224719 0.359551 0.280899
Mild Drop 0.119760 0.251497 0.437126 0.191617
Mild Rise 0.123853 0.311927 0.348624 0.215596
Sharp Rise ~ 0.224806 0.286822 0.286822 0.201550

Adv. App. of Al and DT

oyl ole b y3 Wb Cwd o il
ﬁ 8. Plot results
# Historical prices
# Predicted prices
#_Current price line
True
Adv. App. of Al and DT 45
ol | ou&ljbwww&:dm
ﬁ 9. Prediction statistics ’
Current Gold Price: $4499.30 Just e 5be

sLMild Rise 150 55,00 51 o

Mild Rise 15 5 5,15 Jle1 Z¥0

Mild Drop Jta>1 7y

Sharp Rise JuzI%¥)

4sL Sharp Drop Jle1 71y
46
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w
S
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=3

Gold Price (USD/oz)
IS
@
=3
o

4000

o%Touﬁjbwwwﬂ

Gold Price Prediction Using Markov Chain

—— Historical Gold Price
~~- 6-Month Prediction &5) ‘slg;,g.s,m
.. Current Price ($4499.30) s e |
WS (o B S I
ol vgo (M Caroy Ladd
A
e Ll L S J s
P 58 650 el LSG
s Y
e v
S v
N vV
S StV
2025-09 2025-11 2026-01 2026-03 2026-05 2026-07 2026-09 202611
Adv. App. of Al and DT 47
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Q-learning

435 03 das e ol Juls & SOFF-pOLiCY) ool 05 2 585 (6,8 2k 02,80 0 Qs 8 sl
.Jf;é\i):b;):,iﬁjblia.ubul{):l:Jfg&ﬁ\\)w?;yjﬁ)gqfaﬂf\!ﬂﬂ@dm

oSS Jele v Q 5 S e 0% 5 i o e (StaE, action) z55 » sl 1,Q b s
5,50, (e oS
* Q-learning: off-policy
— use any policy to estimate Q

Q(st,at) — Q(st,a¢)+a [Tt-i-l + 7y maxQ(si41,a) — Q(st, at)]

— Q directly approximates Q* (Bellman optimality equation)
— independent of the policy being followed
— only requirement: keep updating each (s,a) pair
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REEIETY -

_ o Loses Jdes @ 3L O 9o v

5 oV (gl s il 4 L 0 e TR,

d?)}lli@)iéh.la‘:u” 0303y LS w.‘sﬂ_gbféﬁqﬁrﬁ)}g v
. b ) ﬂ@éﬂ.omlandm Olul (gilwesly bl 5esl V' 49

CAlas S g

Jle 5 585 5,85k w5
Markov Decision Processes s sS ;s 5; o Aol e
J=sleds, °
Dynamic Programming °
Monte Carlo methods *
Temporal-Difference learning
Q-learning °
SARSA

Adv. App. of Al and DT 50

Dr. Hasan Ghasemzadeh 25



K.N. Toosi University of Technology 6/2/2026

SARSA.: State,Action, Reward, State, Action

CS o Jsb s 8l G4 20 51 &S Sl (OD-policy) sl 4L g Lg,f:b )}i‘\ GSARSA
S o G330 Dl 313kl b1, Q(8,8) 251 5 i 5 A8 o el (Agent) Ll
(b S| 6,5:‘.-)

e need Q(s,a), not just V(s)
OO

Q(st,at) «— Q(s¢, ar)+« [Tt +vQ(si41,a44-1) — Q(st, at)]

» control
- start with a random policy
- update Q and & after each step
- again, need g-soft policies o
HUY] 9 ) ) _ li'};
e g & ol oSsQ-Learning L aglis oo JE OB L Eber s (s G2 (e S5k
e 6 S n elinal 6l S 31153 ey 6 S oo, 3 S5 Sl ks 6l ks Y/
(Se ol OLT S3luesly J6 5 eslsl v/
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Deep Reinforcement Learning

@B OI5e & Goas s S jl aslizal zm(Deep Reinforcement Learning) Gees 2 55 S st
w\w}de)f)uug\ ;Jbé@fam&w&‘;\jw}msffab 5Lar4)}§|l)>@jm

dot) 53540 n (San e Q-table il &K sl 68,5 S slas 51 eSS 4 6,8 5L o
:UJS&MW&;AE

Ay, 1Q(S, @) e (mas 40D oS (It 53Q o lrae

35 U 1y ) s (Saly 5 eSSy dlagg sl sl sb 5 sl Sl (6L b Blas Ol o ¢ sy ool U®

RPN =l
DQN (Deep Q-Network) A8 o 03lilQ e (51 (o S5
DDPG( Deep Deterministic Policy Gradient) (Continuous Actions) aw s Jlasl &l olin
A3C(Asynchronous Advantage Actor-Critic) / m | Actor-Critic cta.s ; &l
A2C(Advantage Actor-Critic) GO Ak S oz
PPO (Proximal Policy Optimization) ol (5,55 (51 220358 5 Sl 205,81
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SARSA Jts

Bl 4 Oy C3ks Tl 0 i 9 o 31 FXF s 5l S FrozenLake Lo
R | ejé.s- Br) Oalal O9b Ry P

JL:; S8 le.&b\’ut‘s s.ﬁ.aa
pip install gym matplotlib numpy

Sl 5| S oS FrozenLake Lo i ootz
ol RL suﬁ)}f\u&j,ﬁstﬂ&u S
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SARSA Jts

14 RL SARSA.py

# Using the newer gymnasium package
class

def None
def

True
def
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SARSA Jts

# Initialize environment with custom time limit gym "FrozenLake-v1'
True
'rgb_array'
SafeTimeLimit # Using our custom wrapper

# Q-learning parameters

np

# Hyperparameters _ . _
e § 3 i R T o iy (g B lHRe b dey e 3 1) e DBl I i 1 Sl

OlaST gl adyl Salas Ol
OLaST ly 5lie Sl
Sopel A 0LL 3 (amud Srals

Decay of & {Exploration Rate)

1615 00 5 LSl et S 5 1 e-Greedy Cawbow
(QBUSSN) 555 0 Sl Bola Jos ¢GE bzl o

;E (813 320 3@) 355 0 OBl gy Joe V-8 Jl=Il o
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0 250 500 750 1000 1250 1500 1750 2000
Episode

# Training loop SARSA d\.’.’.ﬁ

for in range On-Policy Method
o3lizal (8 el (511 45 b Olen
# Initial action selection » 2355 g 03liul 33 6,850 (6l e 4d
if np.random else
np

p.arg
while True
or
# Next action selection

if np.random
else np

[ # SARSA update

Q(s,a) < Q(s,a) + a|r +7Q(, @) — Q(s,a)]
=S R 5 sses bl G Jates S5 ) s ol 3157 L Q-Learning « SARSA i ael; fits sl

# SARSA update
Q[state, action] += alpha * ( reward + gamma * np.max(Q[next_state, :])- Q[state, action])

|

Q(s,a) < Q(s,a) + a|r + ymaxQ(s',a') — Q(s,a) .
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# Update exploration rate

# Plot results

SARSA Jts

£
True ‘ ! 5,0 Laowe Jube )l ds)&l:l@ul}){
Al el 1y il Ut Jlezsl V)
Al gai |y sl ab
2,8 o3k Lame 058 4 2 b s v
2wl Model-Free RL 35, ¢, SARSA 1 4t
57
Adv. App. of Al and DT
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SARSA Jts

SARSAL&}?:M&KQL{_%N
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L g o plonil ook Dol g 53 Uids atoan S >
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Q-learning Jt.
Q-Learning on FrozenLake
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SARSA vs Q-Learning

SARSA vs Q-Learning on FrozenLake

0.7
= SARSA
—— Q-Learning
0.6 4
g 05
8
2
=04
E 0.3
&
&
£o2
E
SARSA Average Reward: 0.474
ot Q-Learning Average Reward: 0.518
0.0 4
é 560 10‘00 15‘00 ZUbO 25’00 SUbO
Episode
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SARSA Q-Learning
On-Policy Off-Policy
LS r onlial (gulns 2Ly Jos LS r onlil Ses Jas o g S
Q[next_state,next_action] max(Q[next_state,:])
S dlabloue Sl
S Sl e syt | San g Y gane
sl A2l SARSA Ll 63,5 5k i Q-Learning Y geas FrozenLake o i) Lo 3
5,8 o 5 556,85k T 3 ,s 1, (exploration) Calesst 51,5 A8 s iy (55 e
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B. Zuada Coelho et al.

Optimizing geotechnical in-situ site investigations using Deep Reinforcement Learning,
Geodata and Al, Volume 6, 2026,
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Gu, W. Bayesian

deep reinforcement learning for uncertainty quantification and adaptive support
optimization in deep foundation pit engineering.

Sci Rep 15, 35281 (2025). https://doi.org/10.1038/s41598-025-19002-w
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