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Class	Organization

• Meet	weekly	for	40	minute	seminar	with	5-10	minute	discussion

• 8	topics	(with	guest	speakers),	weeks	2	through	9	
– You	are	encouraged	 to	ask	questions	during	and	after	the	talks	

• Intro	and	wrap-up	talks	in	weeks	1	and	10

• Class	Web	site	is	at	www.ics.uci.edu/~smyth/courses/stats5
– Slides	and	related	materials	will	be	posted	 during	the	quarter
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Date Speaker Department
Or Organization Topic

Jan	9 Padhraic	Smyth Computer	Science Introduction	to	Data	Science

Jan	16 Padhraic Smyth Computer	Science Classification	 Algorithms	in	Machine	Learning

Jan	23 Michael	Carey Computer	Science Databases	and	Data	Management

Jan	30 Sameer	Singh Computer	Science Statistical	Natural	Language	Processing

Feb	6 Zhaoxia Yu Statistics An	Introduction	to	Cluster	Analysis

Feb	13 Erik	Sudderth Computer	Science Computer	Vision	 and	Machine	Learning

Feb	20 John	Brock Cylance,	 Inc Data	Science	and	CyberSecurity

Feb	27 Video	Lecture	
(Kate	Crawford)

Microsoft	Research	and	
NYU Bias	in	Machine	Learning

Mar	6 Matt	Harding Economics Data	Science	in	Economics	 and	Finance

Mar	13 Padhraic	Smyth Computer	Science Review:	Past	and	Future	of	Data	Science

Schedule	of	Lectures	
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Submission	of	Review	Forms	(Weeks	2	to	10)

• Submit	Review	forms	for	Lectures	2	through	10
• Available	at	http://www.ics.uci.edu/~smyth/courses/stats5/Forms/

• Review	forms	will	be	available	online	at	the	start	of	each	class
– A	few	relatively	short	questions	based	on	the	lecture	that	day
– Needs	to	be	submitted	 to	EEE	by	12:15	for	each	lecture
– Bring	your	 laptop	or	other	device

• Requirements	to	pass	the	class
– Attend	and	submit	 review	form	 for	 least	8	lectures	for	weeks	2	through	 10

(allowed	to	miss	one	if	you	need	to	for	some	reason)

• No	final	exam:	pass/fail	based	on	attendance	and	review	forms
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Outline	of	Today’s	Topic

• What	is	machine	learning?	

• Classification	algorithms

• Examples	from	image	and	sequence	classification

• Conclusions	and	discussion

[Acknowledgement	 to	Professor	 Alex	Ihler for	various	slides	and	figures	 in	this	lecture]
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What	is	Machine	Learning?
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Machine	learning	(ML)

• Learning	models	from	data
• Making	predictions	(or	decisions)
• Getting	better	with	experience	(data)
• Problems	whose	solutions	are	“hard	to	describe”
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Types	of	machine	learning	problems

• Supervised	learning
– “Labeled”	training	data
– Every	example	has	a	desired	target	value		(a	“known	answer”)
– Reward	predictions	close	to	target;	penalize	predictions	with	large	errors

– Classification:	a	discrete-valued	prediction
– Regression:	a	continuous-valued	 prediction
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Types	of	machine	learning	problems

• Supervised	learning
– “Labeled”	training	data
– Every	example	has	a	desired	target	value		(a	“best	answer”)
– Reward	prediction	being	close	to	target

– Classification:	a	discrete-valued	prediction
– Regression:	a	continuous-valued	 prediction

– Recommender	systems
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Types	of	machine	learning	problems

• Supervised	learning
– Training	data	has	labels	or	target	values

• Unsupervised	learning
– Training	data	has	no	labels	or	target	values
– Interested	in	discovering	natural	structure	in	data
– Often	used	in	exploration	of	data,	e.g.,	in	science,	in	business
– Example:

• Clustering	customers	or	medical	patients	into	groups
• Discovering	a	numerical	representation	of	words	or	movies	



P.	Smyth:	Stats	5:	Data	Science	 Seminar,	Winter	2018:		12

Data	in	2	Dimensions	with	5	Clusters

See	Lecture	by	Prof	Zhaoxia Yu	later	this	quarter	on	Clustering	Algorithms
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Embeddings of	Words	as	Vectors

From:	https://www.mathworks.com/help/examples/textanalytics/
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Figure from Koren, Bell, Volinksy, IEEE Computer, 2009
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Types	of	machine	learning	problems

• Supervised	learning
• Unsupervised	learning

• Reinforcement	learning
– Algorithm	gets	indirect	feedback	on	its	progress	(rather	than	correct/incorrect)
– E.g.,	a	program	learning	to	play	chess,	or	Go,	or	a	video	game
– E.g.,	an	autonomous	 vehicle	learning	how	to	navigate	a	city
– Mathematical	models	for	delayed	reward,	credit	assignment,	explore/exploit
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Classification	using	Supervised	Learning	
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Learning	a	Classification	Model

Patient	ID Zipcode Age …. Test Score Diagnosis

18261 92697 55 83 1

42356 92697	 19 99 1

00219 90001 35 21 0

83726 24351 0 35 0

Training	
Data

Learning	algorithm	learns	a	function	that	takes	values
on	the	left	to	predict	the	value	(diagnosis)	on	the	right
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Making	Predictions	with	a	Classification	Model

Patient	ID Zipcode Age …. Test Score Diagnosis

18261 92697 55 83 1

42356 92697	 19 99 1

00219 90001 35 21 0

83726 24351 0 35 0

12837 92697 40 70 ??

72623 92697 32 44 ??

We	can	then	use	the	model	to	make	predictions	
when	target	values	are	unknown

Training	
Data

Test
Data
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Basic	Concepts

• The	curve	represents	a	classifier	(a	model,	a	predictor)
– Points	on	one	side	of	the	line	get	classified	as	one	class
– Points	on	the	other	 side	get	classified	as	the	other	class	
– Once	we	know	the	curve	we	can	take	new	points	and	classify	them

• The	curve	is	represented	internally	by	a	set	of	coefficients
– These	are	also	known	as	“parameters”	or	“weights”

• The	algorithm	systematically	adjusts	the	coefficients	on	training	
data	to	reduce	the	error	as	much	as	it	can

• This	process	of	finding	the	weights	is	known	as	“learning	a	model”

• Foundational	ideas	are	from	statistics	and	optimization
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How	Does	this	Work	in	Practice?

• We	use	computer	algorithms	to	search	for	the	best	line	or	curve

• These	search	algorithms	are	quite	simple
1. Start	with	an	initial	random	guess	for	coefficients	
2. Change	the	coefficients	slightly	 to	reduce	the	error

(can	use	calculus	to	do	this)		
3. Move	to	the	new	coefficients
4. Keep	repeating	until	“convergence”

• This	search	can	be	done	10,	100,	1000,	or	1	million	“dimensions”
….	with	10’s	of	millions	of	examples

• This	search	process	is	at	the	core	of	machine	learning	algorithms
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Key	Points

• We	represent	our	training	data	as	points	in	a	multi-dimensional	space
– How	do	we	obtain	the	labels	for	the	data	points?

• We	want	to	find	a	boundary	curve	that	can	separate	points	into	two	
classes

• The	curves	are	represented	by	sets	of	coefficients	(or	weights)

• Machine	learning	algorithms	use	search	(or	optimization)	to	
automatically	find	the	coefficients	with	the	lowest	error	on	the	
training	data



P.	Smyth:	Stats	5:	Data	Science	 Seminar,	Winter	2018:		29

If	the	Model	is	too	Complex	it	can	Overfit
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Neural	Network	Classifiers



P.	Smyth:	Stats	5:	Data	Science	 Seminar,	Winter	2018:		31

Machine Learning Notation

Features						 x e.g.,	pixel	inputs	(usually	a	multidimensional	vector)

Targets								 y e.g.,	true	label	for	an	image:	“cat”	or	“no	cat”

Predictions		ŷ e.g.,	model’s	prediction	given	inputs,	e.g.,	“cat”

Error				 e(	y	,	ŷ ) e.g.,	e	=	0	if	prediction	matches	target,	1	otherwise

Parameters	θ e.g.,	weights,	coefficients	specifying	the	model
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Example:	A	Simple	Linear	Model

x1

x2

x3

+1

f(x)

The	machine	learning	algorithm	will	learn	a	weight
for	each	arrow	in	the	diagram

This	a	simple	model:	one	weight	per	input
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A	Simple	Neural	Network		

Here	the	model	learns	3	different	functions	and	then	combines	the	
outputs	of	the	3	to	make	a	prediction

This	is	more	complex	and	has	more	parameters	than	the	simple	model

x1

x2

x3

+1

f(x)

Hidden
Layer

Output

Inputs



P.	Smyth:	Stats	5:	Data	Science	 Seminar,	Winter	2018:		34

A	Simple	Neural	Network

Here	the	model	learns	3	different	functions	and	then	combines	the	
outputs	of	the	3	to	make	a	prediction

This	is	more	complex	and	has	more	parameters	than	the	simple	model
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A	Simple	Neural	Network

Here	the	model	learns	3	different	functions	and	then	combines	the	
outputs	of	the	3	to	make	a	prediction

This	is	more	complex	and	has	more	parameters	than	the	simple	model
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Deep	Learning:	Models	with	More	Hidden	Layers

We	can	build	on	this	idea	to	create	“deep	models”	with	many	hidden	layers

x1

x2

x3

+1

f(x)

Very	flexible	and	complex	functions

Hidden
Layer 1

Hidden
Layer 2

Output

Inputs
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Figure from http://parse.ele.tue.nl/

Example	of	a	Network	for	Image	Recognition

Mathematically	this	is	just	a	function	(a	complicated	one)
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A	Brief	History	of	Neural	Networks…

• The	Perceptron	Era:	1950s	and	60s
– Great	optimism with	perceptrons	(linear	models)....
– ...until	Minsky,	1969:	perceptrons	had	limited	representation	power
– Hard	problems	require	hidden	layers....but	there	was	no	training	algorithm

• The	Backpropagation	Era:	Late	1980s	to	mid-90’s
– Invention	 of	backpropagation	– training	of	models	with	hidden	layers
– Wild	enthusiasm	(in	the	US	at	least)....NIPS	conference,	funding,	etc
– Mid	1990’s:	enthusiasm	dies	out:	 training	deep	NNs	is	hard

• The	Deep	Learning	Era:	2010-present
– 3rd	wave	of	neural	network	enthusiasm
– What	happened	since	mid	90’s?

• Much	larger	data	sets
• Much	greater	computational	power
• Fast	optimization	techniques
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Learning	via	Gradient	Descent



P.	Smyth:	Stats	5:	Data	Science	 Seminar,	Winter	2018:		40

Finding good parameters

• Want	to	find	parameters	θ which	minimize	our	error…

• Think	of	a	cost	“surface”:	error	residual	for	that θ…
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Gradient	descent

?

• How	to	change	θ to	
improve	J(θ)?

• Choose	a	direction	in	
which	J(θ)	is	decreasing



P.	Smyth:	Stats	5:	Data	Science	 Seminar,	Winter	2018:		42

Gradient	descent

• How	to	change	θ to	
improve	J(θ)?

• Choose	a	direction	in	
which	J(θ)	is	decreasing

• Derivative

• Positive	=>	increasing
• Negative	=>	decreasing
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Gradient	descent	in	more	dimensions

• Gradient	vector

• Indicates	direction	of	
steepest	ascent
(negative	=	steepest	
descent)
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Comments	on	gradient	descent

• Simple	and	general	algorithm
– Usable	in	broad	variety	of	models

• Local	minima
– Sensitive	to	starting	point
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Image	Classification	Examples
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Example:	Classifying	Handwritten	Digits

What	the	
data	looks	
like	to	the	
human	eye

Inputs:	pixel	values	from	each	image
Output:	10	possible	classes	(0,	1,	…,	9)
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Pixel	Inputs	Represented	Numerically

From https://www.tensorflow.org/get_started/mnist/beginners
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Example:	Classifying	Handwritten	Digits

Classification	Accuracy	has	gone	from	93%	to	99.9%	in	the	past	10	years
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Examples	of	Errors	made	by	the	Neural	Network	Classifier

Image from http://neuralnetworksanddeeplearning.com/chap6.html

Human label (“truth”)

Label predicted by the 
classifier
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Russakovsky et	al,	ImageNet Large	Scale	
Visual	Recognition	Challenge,	 2015
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Training	data
inputs	x	=	raw	pixel	values
labels	y	=	values	from	1	to	1000

Trained	on	millions	of	images

How	is	network	structure	determined?
Essentially	trial-and-error	(expensive!)

Deep	Network	architecture	for
GoogLeNet network,	27	layers
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Figure from Kevin Murphy, Google, 2016
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Figure from Krizhevsky, Sutskever, Hinton, 2012
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Figure from Krizhevsky, Sutskever, Hinton, 2012
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Figure from Lee et al., ICML 2009
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Sequence	Prediction	Examples
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Learning	by	Predicting	what’s	Next

• Examples
– Predict	the	next	word	a	person	will	type	or	speak,	given	words	up	to	this	point
– Predict	the	value	of	the Dow	Jones	tomorrow	afternoon,	given	history

• We	can	use	the	same	general	methodologies	as	before
– Model	now	uses	past	data	to	predict	next	event

• Applications
– Speech	recognition
– Auto-suggest	 in	human	typing
– Machine	translation
– Consumer	modeling
– Chatbots
– …and	more
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Example:	Predicting	the	Next	Character

Figure from http://cs.stanford.edu/people/karpathy/recurrentjs/
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Example:	Predicting	Characters	with	a	Recurrent	Network

Figure from http://cs.stanford.edu/people/karpathy/recurrentjs/
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Output	from	a	Model	Learned	on	Shakespeare

KING LEAR: 
O, if you were a feeble sight, the courtesy of your law, 
Your sight and several breath, will wear the gods 
With his heads, and my hands are wonder'd at the deeds, 
So drop upon your lordship's head, and your opinion 
Shall be against your honour.

Second Senator: 
They are away this miseries, produced upon my soul, 
Breaking and strongly should be buried, when I perish 
The earth and thoughts of many states. 

DUKE VINCENTIO: Well, your wit is in the care of side and that.

Examples from “The Unreasonable Effectiveness of Recurrent Neural Networks”, 
Andrej Kaparthy, blog, http://karpathy.github.io/2015/05/21/rnn-effectiveness/
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Output	from	a	Model	Learned	on	Cooking	Recipes

From https://gist.github.com/nylki/1efbaa36635956d35bcc



P.	Smyth:	Stats	5:	Data	Science	 Seminar,	Winter	2018:		62

Output	from	a	Model	Learned	on	Source	Code

Examples from “The Unreasonable Effectiveness of Recurrent Neural Networks”, 
Andrej Kaparthy, blog, http://karpathy.github.io/2015/05/21/rnn-effectiveness/
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Output	from	a	Model	Learned	on	Mathematics	Papers

Examples from “The Unreasonable Effectiveness of Recurrent Neural Networks”, 
Andrej Kaparthy, blog, http://karpathy.github.io/2015/05/21/rnn-effectiveness/
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Output	from	a	Model	Learned	from	US	President	Speeches

From https://medium.com/@samim/
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Limitations	of	Classification	Algorithms
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A	Deep	Neural	Network	for	Image	Recognition
From	Nguyen,	Yosinski,	 Clune,	 CVPR	2015
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A	Deep	Neural	Network	for	Image	Recognition

Images	used	for	Training New	Images

From	Nguyen,	Yosinski,	 Clune,	 CVPR	2015
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A	Deep	Neural	Network	for	Image	Recognition
From	Nguyen,	Yosinski,	 Clune,	 CVPR	2015



P.	Smyth:	Stats	5:	Data	Science	 Seminar,	Winter	2018:		69

From	Nguyen,	Yosinski,	 Clune,	 CVPR	2015

A	Deep	Neural	Network	for	Image	Recognition
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Date Speaker Department
Or Organization Topic

Jan	9 Padhraic	Smyth Computer	Science Introduction	to	Data	Science

Jan	16 Padhraic Smyth Computer	Science Machine	Learning

Jan	23 Michael	Carey Computer	Science Databases	and	Data	Management

Jan	30 Sameer	Singh Computer	Science Statistical	Natural	Language	Processing

Feb	6 Zhaoxia Yu Statistics An	Introduction	to	Cluster	Analysis

Feb	13 Erik	Sudderth Computer	Science Computer	Vision	 and	Machine	Learning

Feb	20 John	Brock Cylance,	 Inc Data	Science	and	CyberSecurity

Feb	27 Video	Lecture	
(Kate	Crawford)

Microsoft	Research	
and	NYU Bias	in	Machine	Learning

Mar	6 Matt	Harding Economics Data	Science	in	Economics	 and	Finance

Mar	13 Padhraic	Smyth Computer	Science Review:	Past	and	Future	of	Data	Science

Schedule	of	Lectures	


