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Continuous Distribution: Gaussian

¢ Recall the density function

1 _ 2
f(x) = — exp(—(xza'l:) ) (1)

¢ Taking the log makes math easier, doesn’t change answer (monotonic)

¢ If we observe x; ... Xy, then log likelihood is
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Continuous Distribution: Gaussian

¢ Recall the density function

1 PRY:
f(x)= zﬂa_zexp(—(xz(;:)) (1)

¢ Taking the log makes math easier, doesn’t change answer (monotonic)
¢ If we observe x; ... Xy, then log likelihood is

N 1
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MLE of Gaussian u

N 1
o )__N'°g"__'°92”_ﬁ (6 —u)? 3)

o/ 1

@:0"'; i (xi—u) (4)
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MLE of Gaussian u
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MLE of Gaussian u

N 1
e )__N'°g"__'°92”_ﬁ2(x/—u)2 @)

al 1
ou +Z(X'_“) @)
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MLE of Gaussian u

N 1 2
(7)== Nlogr = log2r— 5 > (x—11) @)
LI o P 4
PRI )
Solve for u:
]
=522 (x—u) (5)
I
0=> x—Nu (6)
i
X
uzz’ (7)
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MLE of Gaussian u

f(u,a):—Nlogrf——log%—; (xi—u) (3)
ol 1
P (xi— 1) (4)
Solve for u:
1
0:; ' (xi—u) (5)
]

O:Zx,—Nu (6)
_Zixi
N

Consistent with what we said before
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MLE of Gaussian o

N 1
o )__N'°g"__'°92”_ﬁ (6 —u)? (8)

ol N 1 )
A= DI D) ©)
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MLE of Gaussian o
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MLE of Gaussian o

N 1
e )__N'°g"__'°92”_ﬁ2(x/—u)2 ®)

ol N 1 )
@__;+O+EZ(X/—H) 9)
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MLE of Gaussian o

E(,u,cr):—Nloga—glogmr—z%'2 ; (xi—p)? (8)
%——§+o+$z<x,—m2 ©)

Solve for o:
SIS 0
g—$ ,- (xi—p)? (1)
0%= 2,()(;\/—“)2 (12)
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MLE of Gaussian o

N 1
ﬁ(u,a):—Nloga——log%—; (xi—p)? (8)
ol N
o %o  (xi—p)° ©)
Solve for o:
n 1
0=——+— (x;—u)? (10)
N 1
—=—> (x—u)’ (11)
o 031.
L 2
02_2/'()‘;\/ w) (12)

Consistent with what we said before

Introduction to Data Science Algorithms |  Boyd-Graber and Paul Maximum Likelihood Estimation | 4of1



