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Midterm	Exam
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Loca2on:	2465	(LiG	25-26)

Next	Wed	(March	20),	3pm-420pm



Recap:	The	General	EM	Algorithm
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Based	on	current	 ,	model	parameters	does	not	
change	in	E-step

θ

	is	not	relevant	to	 ,	and	 does	
not	change	in	the	M-step
Q(z) θ Q(z)

E-step	is	maximizing	ELBO	over	Q(z),	M-step	is	maximizing	ELBO	overθ
Why	is	maximizing	lower-bound	sufficient?



Recap:	EM	is	Hill	Climbing
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log p(x; θ)

ELBO

Larger
Only	related	to	 ,	no	θ z
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log p(x; θ)

ELBO

Larger

E-step:	 ,	making	ELBO	2ghtQ(z) = p(z |x; θ)
“dog”	doesn’t	change,	because	 	does	not	changeθ

Recap:	EM	is	Hill	Climbing
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log p(x; θ)

ELBO

Larger

M-step:	max
θ

ELBO

ELBO	becomes	larger,	and	it	is	not	2ght	
anymore	because	posterior	changes

Recap:	EM	is	Hill	Climbing
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log p(x; θ)

ELBO

Larger

Recap:	EM	is	Hill	Climbing
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log p(x; θ)

ELBO

Larger

E-step:	 ,	making	ELBO	2ghtQ(z) = p(z |x; θ)
“dog”	doesn’t	change,	because	 	does	not	changeθ

Recap:	EM	is	Hill	Climbing
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log p(x; θ)

ELBO

Larger

M-step:	max
θ

ELBO

ELBO	becomes	larger,	and	it	is	not	2ght	
anymore	because	posterior	changes

	is	monotonically	increasing!	log p(x; θ)
We	are	doing	MLE	implicitly! Convergence	is	guaranteed

Recap:	EM	is	Hill	Climbing



High-Dimensional	Data
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High-Dimensional	Data
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Curse	of	Dimensionality
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Dimensionality	ReducAon
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Dimensionality	ReducAon
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Latent	Feature	ExtracAon
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Principal	Component	Analysis	(PCA)
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Principal	Component	Analysis	(PCA)
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Principal	Component	Analysis	(PCA)

Project	the	data	onto	different	direc2ons

Which	projec2on	is	be`er? We	want	the	low-dim	features	that	can	
discriminate	the	data	the	most



Normalizing	Data
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Different	features	may	have	different	scales

AGer	normaliza2on,	each	feature	has	0	mean	and	variance	1



20

Principal	Component	Analysis	(PCA)
Let	v	be	the	principal	component

Defini2on	of	eigenvectors

<latexit sha1_base64="McCGWWLAP4uC9TUTm0SwjCEfCR8="></latexit>
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<latexit sha1_base64="6s/0sLFgmvMZ8UMGYONaz6MPbLY="></latexit>
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v
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K-dimensional	Cases
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If	we	project	our	data	into	a	k-dimensional	subspace	(k<d),	we	should	choose	
	to	be	the	top	k	eigenvectors	of	v1, v2, . . , vk XXT

For	symmetric	matrices,	eigenvectors	for	dis2nct	eigenvalues	are	orthogonal
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Principal	Component	Analysis	(PCA)
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Principal	Component	Analysis	(PCA)



CompuAng	the	Principal	Components	(PCs)
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We	can	compute	the	eigenvalues	from	this	equa2on



Another	InterpretaAon
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<latexit sha1_base64="VfP381ytupdPUOxzkVvoov5j344="></latexit>
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Dimensionality	ReducAon	using	PCA
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Dimensionality	ReducAon	using	PCA
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You	might	lose	some	informa2on,	but	if	the	
eigenvalues	are	small,	you	don’t	lose	much	

It	is	not	lossless	compression



Example:	faces
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ProperAes	of	PCA
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Nonlinear	example



Thank	You!	
Q	&	A

30


