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‣ Dataset: input                                , binary targets 

‣ Gaussian conditional densities 

‣ Use Maximum likelihood to estimate       ,      and priors 

‣ Denote                        and 

‣ For xn with tn = 1:   

‣ For xn with tn = 0:  

2

LDA: Maximum Likelihood for K=2
X = (x1, ...,xN )T t = (t1, ..., tN )T

p(x|Ck) =
1

(2⇡)D/2

1

|⌃|1/2
exp{1

2
(x� µk)

T⌃�1(x� µk)}

µk ⌃ p(Ck)

p(C1) = q p(C2) = 1� q

p(xn, C1) = p(xn|C1)p(C1) =

p(xn, C2) = p(xn|C2)p(C2) =
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‣ Gaussian conditional densities 

‣ Use Maximum likelihood to estimate       ,      and priors 

‣ Denote                      and 

‣ Likelihood
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LDA: Maximum Likelihood for K=2

p(x|Ck) =
1

(2⇡)D/2

1

|⌃|1/2
exp{1

2
(x� µk)

T⌃�1(x� µk)}

µk ⌃ p(Ck)

p(C1) = q p(C2) = 1� q

p(t, X |q, μ1, μ2, Σ) =
N

∏
n=1

p(xn, tn) =
N

∏
n=1

p(xn | tn)p(tn)

=
N

∏
n=1

[p(xn |C1)p(C1)]tn [p(xn |C2)p(C2)]1−tn

=
N

∏
n=1

[q"(xn |μ1, Σ)]tn [(1 − q)"(xn |μ2, Σ)]1−tn
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‣ Likelihood 

‣ Log likelihood 

‣ Estimate for q:
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LDA: Maximum Likelihood for K=2

p(t,X|q,µ1,µ2,⌃) =
NY

n=1

[qN (xn|µ1,⌃)]tn [(1� q)N (xn|µ2,⌃)]1�tn

ln p(t,X|q,µ1,µ2,⌃) =
NX

n=1

tn ln q + tn lnN (xn|µ1,⌃)+

+ (1� tn) ln(1� q) + (1� tn) lnN (xn|µ2,⌃)
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‣ log likelihood: 

‣ Estimate for 
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LDA: Maximum Likelihood for K=2 

ln p(t,X|q,µ1,µ2,⌃) =
NX

n=1

tn ln q + tn lnN (xn|µ1,⌃)+

+ (1� tn) ln(1� q) + (1� tn) lnN (xn|µ2,⌃)

µ1

@

@µ1

lnp(t,X|q,µ1,µ2,⌃) =
@

@µ1

NX

n=1

tn lnN (xn|µ1,⌃) =

= �1

2

@

@µ1

NX

n=1

tn(xn � µ1)
T⌃�1(xn � µ1) =
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‣ log likelihood: 

‣ Estimate for  

‣ ML solution:
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LDA: Maximum Likelihood for K=2 

⌃

@

@⌃
ln p(t,X|q,µ1,µ2,⌃) =

@

@⌃

"
�N

2
ln |⌃|� 1

2

NX

n=1

tn(xn � µ1)
T⌃�1(xn � µ1)

�1

2

NX

n=1

(1� tn)(xn � µ2)
T⌃�1(xn � µ2)

#
= 0

⌃ML =
N1

N

"
1

N1

NX

n=1

tn(xn � µ1,ML)(xn � µ1,ML)
T

#

+
N2

N

"
1

N2

NX

n=1

(1� tn)(xn � µ2,ML)(xn � µ2,ML)
T

#

ln p(t,X|q,µ1,µ2,⌃) =
NX

n=1

tn ln q + tn lnN (xn|µ1,⌃)+

+ (1� tn) ln(1� q) + (1� tn) lnN (xn|µ2,⌃)
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LDA: Maximum Likelihood for K=2 

ΣML = N1
N [ 1

N1

N

∑
n=1

tn (xn − μ1,ML) (xn − μ1,ML)T] + N2
N [ 1

N2

N

∑
n=1

(1 − tn)(xn − μ2,ML) (xn − μ2,ML)T]

μ1,ML = 1
N1

N

∑
n=1

tnxn μ2,ML = 1
N2

N

∑
n=1

(1 − tn)xn qML = 1
N

N

∑
n=1

tn = N1
N

p(x, C1) = p(x |C1)p(C1)
= " (x |μ1,ML, Σ) qML

p(x, C2) = p(x |C2)p(C2)
= " (x |μ2,ML, Σ) (1 − qML)

The ML solutions:

For the joint probabilities:

"

.
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‣ For new datapoint x’: 

‣ Assign x’ to C1 if  

‣ Disadvantage of LDA: 

‣ Gaussian distribution is sensitive to outliers 

‣ Linearity/handcrafted features restrict application 

‣ Maximum likelihood is prone to overfitting

8

LDA: prediction for K=2

p(C1|x0) = �(wT
MLx

0 + w0,ML)

p(C1|x0) � 1

2

wML = Σ−1
ML(μ1,ML − μ2,ML)

w0,ML = − 1
2 μT

1,MLΣ−1
ML μ1,ML + 1

2 μT
2,MLΣ−1

ML μ2,ML + ln qML
1 − qML

-

(Wmf x' two, ML Z O )


