machine learning prerequisites workshop
probability and statistics

Sharif University
of Technology




(Variance) _.b )l

(Covariance) b, lgsS

Correlation) Si.cen

Bias) .|

(bias-variance tradeoff) Glu 5 il o= b
Bernoulliy Jgp Solas e

(Uniform Distribution) csle:Ss solas s
Binomial) slale>go  Solay pas

(Normal Distribution) J s ;9

(Central Limit Theorem) ;5 o o> aoad
(law of large numbers) 5,5, slacl 58
Maximum Likelihood Estimation (MLE)
Maximum A Posteriori (MAP)

machine learning — spring 2025

Sample Space) aises glas

(Event) selics

(Probability Axioms) Jlis! Jeol
(Conditional Probability) L ,s Lo
(Independent Events) Jatwe sloowlic
(Bayes Theorem) ;.. a as

(Law of total probability) J5 jles! gl
(Random Variable) solas ;.

PMF) Jlisl g > b

(PDF) Jlis! JB> &b

(CDF) a5 55 o
(Expected Value) _sb, ol

Law of the unconscious statistician - LOTUS




(Sample Space) aiges glas

(sl 00isS &8 13 0,lais , pgo 0aiiS &8 13 0,lads y g oS &S 15 0,les )

()

(1,2,3)

(3,1,2)

(3,2,1)

(2,3,1)
(1,3,2)

(2,1,3)

0 =1{(1,2,3),(1,3,2),(2,1,3),(2,3,1),(3,1,2), (3,2,1)}

machine learning — spring 2025



(Event) wolicy

A=1{(1,2,3),(1,3,2)}

(3,1,2)
B ={(1,2,3),(3,2,1)}

Cc ={(2,3,1),(2,1,3)}
A B

machine learning — spring 2025



(Probability AXioms) Jles! Jgof

0<PA) £1: s sslin o slla(

P(Q) =1

P(UZ1A) =221 P(A;) : syl 55l clovsling gl (F

machine learning — spring 2025



(Conditional Probability) b s Jlexs!

P(AIB) = P(ANB)
~ P(B)
(3,1,2)
1 1

machine learning — spring 2025



(Independent Events) Jiiuwo gbvaoling
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(Bayes Theorem) ju auas
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(probability mass function - PMF) Jlus! g > &b
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(probability density function - PDF) Jluis! J&> &b
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(cumulative distribution function - CDF) e a9 395 &b
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L_aw of the unconscious statistician - LOTUS
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(Variance) b ,lg

Var(X) = 0° = E[(X — w)*] = E[X*] — E[X]?
u = E[X]
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(Covariance) b ,lgsS

Cov(X,Y) = E[(X —ux)(Y — uy)]

Y ((x; — )y — )

n—1

Cov(X,Y) =

Var(X+Y) =Var(X) + Var(Y) + 2Cov(X,Y)
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Cov(X,Y)

\/ Var(X)Var(Y)




(Blas) o |

Bias(0) = E[6 — 0]
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(bias-variance tradeoff) Wl y il ylg— wb b
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(Bernoulll) Jei p Bolai o

X~Br(p)
(D x =1
PX=x)=y1-p x=0 fx(x) =p*(1—p)~*
0 otherwise
ElX]=p
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(Binomial) glale>go Solai yuiin
X~Bin(n,p)

(/n
(1 —p)* 0<x<n

X 0 otherwise
E[X] =np

Var(X) = np(1 —p)
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(Uniform Distribution) caless Sobai i
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(Normal Distribution) Jl s & 3¢
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(Normal Distribution) Jb y & 395
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(Joint probabllity distribution) slg5 Jlex>! 2 365
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(Central Limit Theorem) ¢35 yo o> auas
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(law of large numbers) &, s slael o3l
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Maximum Likelihood Estimation (MLE)
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Likelihood, Posterior and Prior
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Maximum Likelihood Estimation (MLE)
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Maximum Likelihood Estimation (MLE)

P(X|6) = ZP(x“)\e)
=1

Oy = argmax P(X|60)
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Maximum Likelihood Estimation (MLE)
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Maximum A Posteriori (MAP)
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Maximum A Posteriori (MAP)
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Maximum Likelihood Estimation (MLE)
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MLE Bernoulli

Given: D = {x(il),x(z), ...,x(N)},m heads (1), N — m tails (0)
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Maximum A Posteriori (MAP)

MAP estimation
64 = argmaxp(6|D)
2]

Since p(8]D) o« p(D]6)p(0)

O11ap = argglax p(D[6)p(0)
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Gaussian MAP

p(x|)~N(u,a%) u is the only unknown paramete
p(u|po)~N (g, 02) Mo and gy are known
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e Stochastic Processes - Hamid R. Rabiee

« machine learning — Ali Sharifi-Zarchi

« machine learning - Mahdieh Soleymani Baghshah
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