
Final	Review!



Info

• Thursday,	December	14th	from	3:30pm- 6:30pm
• Open	Notes/Open	Book
• No	Calculators/Electronics
• Practice	Final	Up



Concepts	to	be	tested

• Up	until	(including)	last	Friday
• There	will	be	an	MLE	or	MAP	question
• There	will	be	a	sampling	question
• Be	ready	to	write	pseudocode
• Be	ready	for	probabilistic	analysis	of	code



Chris	(Spring) Chris	(Winter) Summer
Combinatorics/Event	and	sample	
spaces

Combinatorics/Event	and	
sample	spaces

Combinatorics/Event	and	sample	
spaces

Conditional	Probability Random	Variables Code	Analysis

Poisson Poisson Joint	Probabilities	and	Independence
Normal Normal/Joint Poisson
Normal/Joint Sampling Conditional	Probability
Sampling Code	Analysis MLE
Samples/Random Variables/Code
Analysis

MLE Random	Variables

MLE Naive	Bayes Random	Variables

Naive	Bayes Naive	Bayes/Logistic	Regression

Logistic	Regression



Chris	(Spring) Chris	(Winter) Summer
Combinatorics/Event	and	sample	
spaces

Combinatorics/Event	and	
sample	spaces

Combinatorics/Event	and	sample	
spaces

Conditional	Probability Random	Variables Code	Analysis

Poisson Poisson Joint	Probabilities	and	Independence
Normal Normal/Joint Poisson
Normal/Joint Sampling Conditional	Probability
Sampling Code	Analysis MLE
Samples/Random
Variables/Code Analysis

MLE Random	Variables

MLE Naive	Bayes Random	Variables

Naive	Bayes Naive	Bayes/Logistic	Regression

MLE



Strategies

• Write	something	down	(get	partial	credit)
• Write	Random	Variables!

• Figure	out	what	concept	the	question	is	testing	you	on
• Don’t	miss	easier	questions	because	you	run	out	of	time
• Roughly	9	questions	(designed	to	take	a	TA	an	hour	and	a	half)
• Points	per	question	correspond	with	how	many	minutes	you	should	spend
• Use	notes	wisely	(maybe	pretend	we	say	you’re	only	allowed	one	page)
• It’s	sometimes	useful	to	make	a	list	of	concepts	you’re	responsible	for
• We	curve!



Today’s	Lecture!





Provide	pseudo	code	for	a	method	sampleStandard
that	can	calculate	the	unbiased	estimate	of	standard	
deviation	for	a	list	of	IID	samples	S=[𝑆#, 𝑆% … . 𝑆#((]













MLE	in	four	easy	steps!

1. Find	likelihood	(product	of	likelihood	of	the	samples)
2. Take	Log
3. Take	derivative	with	respect	to	parameters
4. Either	set	to	0	and	solve,	or	plug	into	gradient	ascent



Say	wind	speed	varies	as	a	random	variable	
𝑊~𝑅𝑎𝑦𝑙𝑖𝑒𝑔ℎ(𝜃)

𝐿 𝜃 = ∏ 𝑓;(𝑤=)>
=?#

𝐿𝐿 𝜃 = log	(∏ 𝑓; 𝑤=>
=?# )

𝐿𝐿 𝜃 = ∑ log	(>
=?# 𝑓; 𝑤= )

𝐿𝐿 𝜃 = ∑ log	(>
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𝐿𝐿 𝜃 = ∑ log 𝑤= − 𝑁 ∗ log	(𝜃) − #
%G
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Take	derivative	with	respect	to	𝜃
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Set	to	0
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Part	a)

P(eyeball	|	Shakespeare)

Out	of	the	documents	written	by	Shakespeare,	how	many	of	
them	used	the	word	eyeball?

=
∑ QRSTU=SV WF,XYXZU[[\
F]^

_





Part	b)

𝑃(𝑆ℎ𝑎𝑘𝑒𝑠𝑝𝑒𝑎𝑟𝑒|𝑤#, 𝑤% …𝑤S)

=f 𝑤#, 𝑤% …𝑤S 𝑆ℎ𝑎𝑘𝑒𝑠𝑝𝑒𝑎𝑟𝑒 f ghU_XViXUjX
f(E^,EJ,…Ek)
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Part	b)
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Neural	Nets!

A

B

Output

What	weights	might	this	logistic	
regression	model	learn	that	would	
allow	it	to	perfectly	classify	data	of	
the	form	(A	or	B)?	

𝑥(=1

?

?

?



Neural	Nets!	OR

A

B

Output

𝑥(=1

-0.5

1

1



Neural	Nets!

A

B

Output

What	weights	might	this	logistic	
regression	model	learn	that	would	
allow	it	to	perfectly	classify	data	of	
the	form	(A	and	B)?	

𝑥(=1

?

?

?



Neural	Nets!	AND

A

B

Output

𝑥(=1
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1

1



What’s	on	Wednesday


