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Machine Learning Introduction

Introduction
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Machine Learning Introduction

Machine Learning

What is Machine Learning?

Arthur Samule (1959)

"Field of study that gives computers the ability to learn
without being explicitly programmed”
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Machine Learning Introduction

Machine Learning

Traditional Computer Science

Computer

picture by courtesy of Killian Weinberger.
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Machine Learning
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Introduction

Machine Learning vs. Traditional Computer Science
Traditional CS:
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Computer
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Machine Learning
Machine Learning

Introduction

Machine Learning:

Traditional CS:

Computer

Computer

Let the Data Speak for itself!
picture by courtesy of Killian Weinberger.
Yang (CS@Uiowa)

AMCS seminar

DA
April 24,2015 7 /68



Machine Learning Introduction

Applications of Machine Learning

Spam Filter
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Machine Learning Introduction

Applications of Machine Learning

Face Recognition

Aributes:

age_est: 39 (19%)

age_min: 31(19%)

49 (19%)

rue (94%)

male (88%)
2 false (81%)
sealed (61%)
happy (34%)
faise (62%)
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Machine Learning Introduction

Applications of Machine Learning

Speech Recognition

What can | help you with?

4
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Machine Learning Introduction

Applications of Machine Learning

Google
J
L4 £/
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Machine Learning Introduction

Data Matrices and Machine Learning

The Instance-feature Matrix: X € R"*d

Xir 2
k]

X, 3
g

|

T c
x, g

sepal length sepal width petal length ~ petal width standard
deviation

Setosa Versicolour Virginica
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Machine Learning Introduction

Data Matrices and Machine Learning

Y1
Y2
The output vector: y = .

Yn
@ continuous y; € R: regression (e.g., house price)

e discrete, e.g., y; € {1,2,3}: classification (e.g., species of iris)
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Machine Learning Introduction

Data Matrices and Machine Learning

Many machine learning tasks are formulated based on the data matrix X
and the output vector y.

@ Regression: (minimize the least-squares error)

min || Xw — y/|3
min [ Xw — y|3
n

- T 2
= min X:' W —V;
weRd ,':1( i )/I)

o w € RY refers to the predictive model (or the program as referred at
the beginning)
o Prediction on new data: x,,, w. (w. optimizes the objective function)

Yang (CS@Uiowa) AMCS seminar April 24, 2015 14 / 68



Machine Learning Introduction

Data Matrices and Machine Learning

Many machine learning tasks are formulated based on the data matrix X
and the output vector y.

@ Classification

A 2
W”;;}ngzgw Xi, Yi) §||WH2

N——
— Regularization
Empirical Loss

o eg,y €{1,-1}
e Loss function £(z,y): z=w'x

1. SVMs: (squared) hinge loss £(z,y) = max(0,1 — yz)?, where p=1,2

2. Logistic Regression: £(z) = log(1 + exp(—yz))
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Machine Learning Introduction

Data Matrices and Machine Learning

The Instance-Instance Matrix: K € R"*"
@ Similarity Matrix
@ Kernel Matrix

Setosa

Versicolour

Virginica

50 ) 100 .
Setosa Versicolour Virginica
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Machine Learning Introduction

Data Matrices and Machine Learning

Some machine learning tasks are formulated on the kernel matrix
o Clustering
o Kernel Methods
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Machine Learning Introduction

Data Matrices and Machine Learning

The Feature-Feature Matrix: C € R9*9
@ Covariance Matrix

@ Distance Metric Matrix

1234567 89101112131415
1: Std. Intensity
2: Eccentricity
3: Invaginations
4: Circularity
5: Solidity (Inv)
6: Mean Neg. Curvature
7: Std. Curvature
8: Tortuosity
9: BP Intensity
10: Mean Intensity (Inv)
11: Minor Axis Length
12: Mean Curvature (Inv) . .
13: Major Axis Length
14: Perimeter
15: Area

89UBUEA0D
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Machine Learning Introduction

Data Matrices and Machine Learning

Some machine learning tasks requires the covariance matrix
@ Principal Component Analysis
@ Dimensionality Reduction

e Top-k Singular Value (Eigen-Value) Decomposition of the Covariance
Matrix
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Machine Learning  Introduction

Big Data Challenge

Huge amount of data generated every day
@ Facebook users upload 3 million photos

@ Goolge receives 3 billion queries

Youtube users upload over 1,700 hours video

@ Global internet population is 2.1 billion people

@ 247 billion emails sent
http://www.visualnews.com/2012/06/19/how-much-data-created-every-minute/

=] ) = = = DA
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Machine Learning  Introduction

Big Data Challenge

Huge amount of data generated every day
@ Facebook users upload 3 million photos
@ Goolge receives 3 billion queries
@ Youtube users upload over 1,700 hours video

@ Global internet population is 2.1 billion people

@ 247 billion emails sent
http://www.visualnews.com/2012/06/19/how-much-data-created-every-minute/

Do we really need Big Data?

o 5 = = DA
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Big Data Challenge

Machine Learning

Introduction

General Visual Recognition Challenge (ImageNet Challenge)

mli:e

motor scooter

opa

mite motor ledpard

black widow lifeboat go-kart jaguar
cockroach amphibian moped cheetah
tick fireboat bumper car snow leopard

starfish drilling platform golfcart Egyptian cat

Hundreds of Thousands of Objects
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Introduction

Machine Learning
Big Data Challenge

Fine-grained Image Classification

(a) Siberian husky

(b) Eskimo dog

Chevrolet Avalanche

Chevrolet Silverado
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Machine Learning Introduction

Big Data Challenge

Big Data will be the key to achieve success

Example: 1000 Objects Classification
@ 14 millions of images indexed

@ surpass human-level performance: top-1 accuracy 78% and top-5
accuracy 95%
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Machine Learning Introduction

Big Data Challenge

Big Data will be the key to achieve success

Example: 1000 Objects Classification
@ 14 millions of images indexed

@ surpass human-level performance: top-1 accuracy 78% and top-5
accuracy 95%

Why Learning from Big Data is challenging?
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Introduction

Why Big Data is challenging
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Randomized Algorithms (RA)

Randomized Algorithms

@ Use some kind of randomization (sampling) to reduce the cost of
computation
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Randomized Algorithms (RA)

Randomized Algorithms

@ Use some kind of randomization (sampling) to reduce the cost of
computation (e.g., sampling rows or instances)
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Randomized Algorithms (RA)

Randomized Algorithms

@ Use some kmd of randomization (sampling) to reduce the cost of
computation (e.g., sampling columns or features)

I
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Randomized Algorithms (RA)

Randomized Algorithms

Algorithms:

@ Stochastic Optimization (e.g., SGD)

e Randomized Low-rank Matrix Approximation (e.g., randomized SVD)
@ Dropout for Deep Learning
°

Randomized reduction for regression and classification
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Randomized Algorithms (RA)

Randomized Algorithms

Algorithms:
@ Stochastic Optimization (e.g., SGD)
e Randomized Low-rank Matrix Approximation (e.g., randomized SVD)
@ Dropout for Deep Learning
@ Randomized reduction for regression and classification
Benefits:
o Faster
@ More robust (implicit regularization)
o Easy to analyze
°

exploit modern computational architectures
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Randomized Algorithms (RA)

Randomized Algorithms

Algorithms:
@ Stochastic Optimization (e.g., SGD)
e Randomized Low-rank Matrix Approximation (e.g., randomized SVD)
@ Dropout for Deep Learning
@ Randomized reduction for regression and classification
Benefits:
o Faster
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exploit modern computational architectures
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Randomized Algorithms (RA)

Randomized Feature Reduction for Classification

min 725 w leyl)+ Hw”z

weRd N

e Randomized feature reduction: X; = Ax;, where A € R™*9 with
m<d

e A: random projection matrix (e.g., Gaussian entries)

@ Solve the reduced problem

A 2
urgﬁ%r)n;zﬁ u'%, i) + 5 [lullz
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Randomized Algorithms (RA)

Why does Randomized Reduction Works?

The Johnson-Lindenstrauss Lemma (Johnson & Lindenstrauss (1984)).

projections of the vectors above to random planes
(note the planes are translated to the origin)
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How can we recover a model in original high-dimensional space?
@ Usually features in original feature space have meanings (e.g., genes,
words)

e Finding a model in the original feature space can help understand the
importance of different features

@ Help us design better strategies (e.g., for controlling risk of a disease)
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Randomized Algorithms (RA)

Question

How can we recover a model in original high-dimensional space?

@ Usually features in original feature space have meanings (e.g., genes,
words)

e Finding a model in the original feature space can help understand the
importance of different features

@ Help us design better strategies (e.g., for controlling risk of a disease)
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Our Recent work on RA for Big Data Optimization Randomized Reduction and Recovery

Randomized Feature Reduction for Classification

A
W, = argwrgllg Ezﬁ w Xn)/:) E”WH%

o x; € RY, expensive when d is very very large, e.g., millions or billions

e Randomized feature reduction: X; = Ax;, where A € R™*9 with
m<&d

@ Solve the reduced problem

A
u, = argurgﬁgrllﬂng u'x;,yi) EHUHE

Question: How to obtain a good model w, in the original feature space?
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Our Recent work on RA for Big Data Optimization Randomized Reduction and Recovery

A Naive Approach

A
u, = argurgﬁr)nfzf u X, Yi) 5”“”%

A
u, = argurgﬂl{r% o Z€ T Axi, yi) + 5““”%

Naive Recovery:
w.=A"u, ¢R?

Problem: w, could be a very bad solution

N d—m
W —wifl2 > € {4/ = lw.]l2
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Our Recent work on RA for Big Data Optimization Randomized Reduction and Recovery

Dual Recovery

(COLT'13, IEEE-IT'14)
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Our Recent work on RA for Big Data Optimization Randomized Reduction and Recovery

Our Approach: Dual Recovery

The Dual Problem: (using Fenchel conjugate)

2;.*(04,-) = maxo;z — 5(27}4)

[&7]

A
Primal w, = arg min = > 4(w'x;, —||w
gweRd Z ( i Yi) 2” H2
Dual a, = arg Drpeaﬂé e ZE* a;) 2)\n2 a' XXTa
1
W, — —EXT(X*
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Our Recent work on RA for Big Data Optimization Randomized Reduction and Recovery

Our Approach: Dual Recovery

Important Implication from the Dual: w, lies in the row space of the data
matrix X € R"*9

e the Naive approach: w, = A'u,

@ Dual Recovery: w, = —ﬁxTa*, where
= arg max —726* a;) L o' XX o
b acR” n ! 2)\ 2An2

o X = XAT ¢ R™xm
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Our Recent work on RA for Big Data Optimization Randomized Reduction and Recovery

Our Approach: Dual Recovery
Important Implication from the Dual: w, lies in the row space of the data
matrix X € R"*9

e the Naive approach: w, = A'u,

@ Dual Recovery: w, = —ﬁxTa*, where

1 ~ o~
— - f* TxxT

o X = XAT ¢ R™xm

@ Our theorem: under low-rank assumption of the data matrix X (e.g
rank(X) = r), with a high probability 1 — 4,

_ [ 1)
e~ wallo < .l where = © [/ O8U%)
— ¢ m
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Yes, we can. How?

X,

by exploiting the sparsity of the dual variables
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Our Recent work on RA for Big Data Optimization Randomized Reduction and Recovery

Can you remove low-rank assumption?

Yes, we can. How?
by exploiting the sparsity of the dual variables

X
2 .
° & R
. 7/ /Q
. Y ’0/ /Y
’ G
T T
7 /.
/ 7 4\+
/ K
, s £©)
, o o
/7 7/
7 7 O O
/ 7/
O
, L2 *~o
/ /
A ,
RS X
//% 4 , 7 1
/
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Our Recent work on RA for Big Data Optimization Randomized Reduction and Recovery

Dual-sparse Recovery

(To appear in ICML'15)
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Our Recent work on RA for Big Data Optimization

Randomized Reduction and Recovery

Can you remove low-rank assumption?

R L - R

&
=]
o

High-dimensional Space

Yang (CS@Uiowa)

@ &b b on s o o®

-5 0 5

AMCS seminar

low-dimensional Space
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Our Recent work on RA for Big Data Optimization Dual-sparse Randomized Reduction and Recovery

Our New Approach: Dual-sparse Recovery

@ Dual-sparse Recovery: w, = —%XT&*, where
Qi = arg max ——Zﬁ* ! ol XXT a—zHaHl
* a€R” n 2Xn2 n
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Our Recent work on RA for Big Data Optimization Dual-sparse Randomized Reduction and Recovery

Our New Approach: Dual-sparse Recovery

@ Dual-sparse Recovery: w, = —%XT&*, where
* 1 T T
Qi = arg max —— E 2 ( XXTa— ~|al;
a€R? 4 An? n

@ Our theorem: if «, is s-sparse, with a high probability 1 — ¢,

slog(n/d)

W — w2 < €flw.ll2,  where e =© -

@ Exploit Convex Optimization theory, JL lemma, Compressive Sensing
theory
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Our Recent work on RA for Big Data Optimization Results

Results
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Our Recent work on RA for Big Data Optimization Results

Dual Recovery vs Naive Recovery

5 ‘$

4
5
w3 1
o —DBP
52 - --Naive
[0}
o

1L

0 L T T

500 1000 1500
m
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Our Recent work on RA for Big Data Optimization  Results

Dual-sparse Recovery

A=0.001

0.8

0.6

relative—primal-error—-L2—norm

0 01 03 05 07 09
T
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Our Recent work on RA for Big Data Optimization

Big Data Experiments

Results

KDDcup Data: n = 8,407,752, d = 29,890,095, 10 machines

kdd kdd
= 250( EEDSRR
9\_/ [EDSRR-Rec
[_JDSRR-DisDCA-1
’6 ,.\200 [ DSRR-DisDCA-2)
has (‘2] Il DisDCA
LE 150
(0]
©  mmosrr £ 100
= [ DSRR-Rec e
n [_JDSRR-DisDCA-1 50
|2 =1 DSRR-DisDCA-2)
Il DisDCA
0 0
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Take-home Messages

Messages

@ Machine Learning is changing our life

@ Machine Learning is not just about Programming

@ Big Data brings ground-breaking advances

@ Randomized Algorithms are useful for Big Data

o If you are interested in any of these topics, | am happy to discuss with
you.
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Take-home Messages

Randomized Algorithms for
Optimization
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Take-home Messages

Stochastic Gradient Descent in Machine Learning

Fw) = 3w ) + 3w
e let it € {1,..., n} uniformly randomly sampled
e key equation: E;[Ve(w'x;, i)+ Aw] = VF(w)
e computation is cheaper O(d) compared with full gradient O(nd)

we = (1= 7 )We-1 — 7 VE(w! i, ;)
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Take-home Messages

Stochastic Coordinate Descent
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Take-home Messages

Research on Stochastic Optimization

@ Establish Fast Convergence Rate for various learning problems.
@ Convex Optimization Theory
@ Our Research

e SGD with only one projection for complex domains (NIPS'12)
e Distributed Stochastic Dual Coordinate Ascent (NIPS'13)

0.5
—0.5"
-_1/T
0.4
£ —17%%
>
£o03
o
o
i<}
o 0.2 hours
2
_(‘5 0.1 minutes ,‘
©
0,
0 20 40 60 8 100
iterations (T)
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Take-home Messages

Randomized Reduction
Methods
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Take-home Messages

Over-constrained Least Squares Regression (LSR)

min | Xw —y|la, where X eR™9 n>d
weRd

Randomized Reduction A€ R™*":R" - R™ m< n
minyegq [[(AX)w — (Ay)|2

Time complexity: O(nd?) — o(nd?)

Mahoney (2011)

w
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Take-home Messages

Research on Randomized Over-constrained LSR

w, = arg min [ Xw —yl|>

. = arg min | (AX)w — (Ay)]
weRd

@ What is a appropriate reduction matrix A € R™*"?
@ The error bound of ||w, — w.||2

@ Convex optimization theory, random matrix theory
@ Our Research
e A New Sampling Distribution for A (to appear in ICML'15)
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Take-home Messages

Randomized Algorithms for
Low-rank Matrix
Approximation
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Take-home Messages

low-rank matrix approximation

Many machine learning problems require computing the top-k components
of the singular value decomposition (SVD)

@ Principal Component Analysis
e Latent Semantic Indexing (information retrieval)

Given a m x n large matrix, how to efficiently compute its top-k
components (SVD)?
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Take-home Messages

RA for low-rank matrix approximation

Traditional Methods
e SVD: O(min(mn?, m?n))
e partial SVD (for top-k components): O(mnk)

e rank revealing QR factorization: O(mnk)

Randomized Algorithms Halko et al. (2011)
@ more robust

@ can be as fast as O(mnlog(k))
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Take-home Messages

RA for low-rank matrix approximation

II II II I siow ~ SVD, QR, ..
Opt
esult

Sketching

Random Sketching

Approx.

Result
fast ~ SVD, QR, ..

@ Random Projection: Q € R"™*¢, ¢ > k (random projection or random
fourier transform); compute B = AQ € R™*¢; compute the top-k
components based on B

@ Column Subset Selection (CSS): sample a subset of columns

@ CUR decomposition: X = CUR, sample columns and rows
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Take-home Messages

CUR decomposition for Kernel matrix

the Nystrom method

- z IX-X-
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Take-home Messages

Research on RA Low-rank Martrix Approximation

The relative error of the approximated low-rank matrix

IX = Xillo,p < (1+ €)1X — Xkllor

@ Our Research
o Better Bounds on the Nystrém method (NIPS'12, IEEE-IT)
e Better Sampling Distributions for CSS (to appear in ICML'15).
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Q= arg max —— Zﬁ* a;) —

1
——ﬂUaT
Oy = arg orpe?R>§1 —= ZE* aj) — —aTXATAXT
Let X = UZVT: V € RI*r
VAT AV

—
BBT

Vv
\ﬁ,—/

Iy
B € R™™ tail bounds for the eigenvalues of a sum of random matrices

w§/2<o<¢r>
m
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Take-home Messages

Why low-rank assumption?

1< 1
Q= arg max —— ;ET(Q;) - WOZTXXTQ

n

~ 1 L T yaT AT
L = IS () — XAT AX
Gy = arg max —— ;E, (i) Ve !

Let X = UZVT: V € RIXr

UsVTATAVSUT, uzvTvsu'
f \l,_/
BB r

BERI’Xm
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Take-home Messages

Why low-rank assumption?

1< 1
Q= arg max —— ;E}k(a;) - WOZTXXTQ

n

~ 1 L T yaT AT
L = IS () — XAT AX
Gy = arg max —— ;E, (i) Ve !

Let X = UZVT: V € RIXr

usvtaATavsu', uzvTvzu'
T \l,_/
BB r

B € R™™ tail bounds for the eigenvalues of a sum of random matrices

1BBT — 1], < 0 (f)
m
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Take-home Messages
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