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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

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

» reward -0.1 for each step

Actions: UP, DOWN,

move UP 80%

move LEFT 10%

* what’s the strategy to achieve max reward?

< what if the actions were deterministic?

LEFT, RIGHT

UpP

move RIGHT10%
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Is this a solution? 1t

t

» only if actions deterministic

— not in this case (actions are stochastic)

» solution/policy

— mapping from each state to an action

Optimal policy

-> | = =
) s A
t =» 1 «

Reward for each step: -0.1
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Markov Decision Process (MDP)

6@\3:@5&@);J\}:ﬁéfwJm:d}f)uéj_fwéu@T}
s e LS 1y 5B (6 8 3k sl S 1 sk 5,55 54k

*S (States): (428 K 55 Dby Camd o Mte) ol San Lamays 8" B> de gocmo

A (Actions):  (Coly/ar 4 S M) ol ke L g plonil 6 S Olold! de garo

*P (Transition Probability): ol Ll 5 Szl &7 ST 2
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reward
new state

action

agent

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)

Soft Computing 17

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

Dr. Hasan Ghasemzadeh 9



K.N. Toosi University of Technology

1ok 4l

 additive rewards o lsly
- 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

Value functions s, b

» state value function: V7(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 r
— pick the best action using Q™(s,a)
g’
* Bellman equation ool Jge b

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

S o tomlon onis T 3550 5 Jab Bl ol ol ol -l 551 b
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there’s a set of optimal policies
- V= defines partial ordering on policies

- they share the same optimal value function

V*(s) = maxV7(s) a

Bellman optimality equation

- solve for V*(s)

-

V*(s) = mgxz Py [7‘?8/ + 'yV*(s')]
8/

- easy to extract the optimal policy

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

having Q*(s,a) makes it even simpler SR ) (os g Sl

KU Sk o gl &5 WS 0
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et
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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 «, or =’ is optimal (if = = =)
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MC Methods: Monte Carlo methods

ol o lin (S S18L puiSluo Sl eslinul e 5 JolST (slasg sl sl >l saly 5 2 oIyl Cdge (9
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Gy =711 + P2 + Y+ ...
S e 0T O3 5L o 5o 1y 8 b (es SIS Sl .3

V(s) = average of all G, when s is visited

s g 03] aid g S0ke Dy o 4 V(8) (il 24

HUr| t T Ll

ol bl B sy 50l glatases 55 L > S3seh sosle V)
AN g e S ) 4 L ST o Sen P Lo Jbe s S 05k v
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* 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

Sy —O0— —0—@—0— —0—@—0— —Oo— —o— —o— R =+2
0 1. 27 0 1. 3 )=+

S ——0—0—0——0—0—0——0——0—o—0—o1
5y —O0— —o— —o0—@—0— —o0— —0—@—0— —o— R,(s) = +1
sy O——0——0—0—0—0—0—0—0—0—0—0—0——1 Rs(s) = -5
sy O——0——0—0—0—0—0—0—0—0—0—0—0——1
S ——0—0—0——0—0—0——0—o— 001 R,(s) = +4

Va(s) = (2+1-5+4)/4=0.5
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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— ——

\ target
simplest TD

- update after every step, based on the guccessor

V(s) = V(s +a [ripr 9V (sip1) = Vso))

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

Dr. Hasan Ghasemzadeh
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Q-learning

m,,‘tggjxq.a;&U’L;-\J;prﬂoff—policy)@pojygdﬁ_gﬁ?&ﬁ)}in: Qé,f;li
.J;f(_,éb_;;kgjz.':‘:{jl;\:’gl;.,\.a.,\.‘.l{)aUﬂgw\\)dw?w},mp«f:ﬁia\i@m;lm

oSS e Q 5 S e Sa0m 5 i e eeis (StALE, action) z 55 » ¢l»1,Q b s
2,50, S AS e
*  Q-learning: off-policy

— use any policy to estimate Q
Q(st,at) — Q(s¢, ap)+a [Tt+1 + v maxQ(s¢41,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
. H1EN
€55 eVl sl b wt,.b'tw e e S5 e ¥
S5 SNVl ¢l ol bl 4 5l ° . ¢ L E
6E )50 L s (Sl dases 53 035 AS™ Msgéb slrat ‘T“’g‘ \\;
ol Slalass 53 5lbl B Ol giluesly JB 5 el
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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 &-soft policies .
:g.«_{‘&n _ .lg'}‘/o
i g &l SasQ-Leamning L awlie o0 OB b Eeber s (Al s p e 5L y

A 4 S e enlizal (gl el 1 5) s (g S odons 9 S5 Sladass gl ol
(USM Clew oleT Silwesly JiB 5esln v

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®

20 S lcatd
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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Jls dmes

Markov Chain, Changing weather

Rainy iml p 4 L L
=
S
%
<
s
Y Claudy
2
3
=

Sunny .Jb L L J J

0 10 20 30 40 50
Day
Soft Computing 35

o%TouMJwaWﬂdb

import nump{ as np

import matplotlib.pyplot as plt

import pandas as pd

from datetime import datetime, timedelta

# 1. Generate synthetic historical data ending at $3360 today

np.random
# 1 year of historical data

pd datetime 'D’

# Generate random walk with $3360 as last price
np np.random
# Force last price to be $3364

# 2. Define states based on daily % changes

def

if

return "Sharp Drop"
elif

return "Mild Drop"
elif

return "Mild Rise"
else

return "Sharp Rise"

"Sharp Drop", "Mild Drop", "Mild Rise", "Sharp Rise"

# 3. Calculate transition matrix

np
for in

Dr. Hasan Ghasemzadeh 18
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o) ole o JWW MJLA
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# Initialize and populate transition matrix
np
for in enumerate
for in range

# Normalize rows to get probabilities

True
# 4. Prediction function
def

# Start from no-change state

for in range
# Get next state probabilities

np.random

# Generate price change based on state

if "Sharp Drop"
np.random
elif "Mild Drop"
np.random
elif "Mild Rise"
np.random
else: # Sharp Rise
np.random
return 14 RL Gold 6 month.py

o%TouMJwaWﬂdb

# 5. Run prediction starting from $3360

# 6. Plot results
pd

D
plt
ﬁ't 'Last 90 Days
istory' 'blue’ o
plt '6-Month Prediction’
] St il ' et 'Tod
reen : oda
?i 3360)" N 4
plt 'Date') .
plt 'Gold Price (USD/oz)' )
p.% 'Gold Price Prediction Starting from $3360°
Bit True
plt
# Print key metrics .
f"Predicted price after 6 months: ${ D.2F}"
f"Maximum predicted price: $ DL2F1"
f"Minimum predicted price: $ D 2F"

Dr. Hasan Ghasemzadeh
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Gold Price Prediction Starting from $3360

3550

3500

3450

Gold Price (USD/oz)

3400 4

3350

—— Last 90 Days History
=== 6-Month Prediction
s Today ($3360)

2025-03 2025-04

2025-06 2025-07 2025-08 2025-09 2025-10 2025-11 2025-12
Date

Soft Computing 39

SARSA Jts

B 4 Oy s ool 0 i 5 5 51 PXF s 5le S FrozenLake Lo

Sl a;&? BE] Oalsl Q}...b Coda

5B 2,5 salbalS s
pip install gym matplotlib numpy

bl 3l S oS FrozenLake L. 5l otz
ol RL (slag 5 ;S0 35 00T s 2SS

Soft Computing 40
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SARSA Jts

# Using the newer gymnasium package
class
def None

def

True

def

14 RL SARSA.py
Soft Computing 41

SARSA Jts

# Initialize environment with custom time limit
True

# Using our custom wrapper

# Q-learning parameters

# Hyperparameters _ . _
R S Al e sl = o s (gar MR b e 3 1y i Dbl I i 1,50k 5

OLaST gl adyl Solas Sl
LS gl lkie Sl
255l A 0LL 53 (et el

Decay of £ (Exploration Rate)

1615 o 5 LSl ket S 5 1 -Greedy Cawbw
(BUESTN 555 0 Dbzl bolas Jos oSGE Jlz=l o

(81390 3@) 355 o Ol g Joe V-€ Jla=ll o

00 Soft Computing 42

0 25 500 750 1000 1250 1500 1750 2000
Episode
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# Training loop SARSA JLZA

for in range

# Initial action selection

1.else np
while True

if np.random

or
# Next action selection £
1
np.random
else np
# SARSA update
if
break .
# Update exploration rate
Soft Computing 43
SARSA Jt.
np np ‘valid'
plt
plt
plt "SARSA Learning Progress (FrozenLake)"
plt "Episodes"
plt f"Average Reward ({ }-episode window)
plt True
plt
plt SARSA Learning Progress (FrozenLake)
0.7
z 0.6
$
£
205
2
304
o
E]
203
o
H
&
o 0.2
g
g
<01
00 44
0 250 500 750 1000 1250 1500 1750
Episodes
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SARSA Jts

SARSA Ly ods 6,85\ gy s

(is_slippery=True) Lo 055 o3 s 4.1
L g o plonil ook Dol g 53 Uids atoan S >
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